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Abstract 
Relationship Between Study Habits and Student Attitudes  
Towards Science and Technology 
Charles Robert Bowman 
Daniel B. King, Ph.D. 
 
 
 
Improving student performance is the goal of any chemistry educator. With the 
proliferation of internet technologies in recent years, educators have been struggling with 
providing effective learning materials to students online. These materials also have not 
always had the intended effect of improving student performance. Either students do not 
use the materials provided or do not use them effectively, which is partially a result of the 
attitudes that students bring to a course. 
 
A study at a mid-sized private university looked at the correlations between student usage 
of online resources, online homework, their attitudes towards science and technology, 
and their performance. The student cohort was analyzed in detail based on their 
demographics and their initial responses to the surveys; there was a small, positive 
correlation between students’ attitudes towards science and their performance in general 
chemistry. Changes in students’ attitudes were also studied in their relationship to 
students’ online resource usage. It was observed that many students entered the course 
overconfident in their chemistry skills and that their confidence (self-concept) suffered 
during the first term of general chemistry. This decrease in confidence was negatively 
correlated with students accessing online homework and online educational materials, 
such as lecture slides or exam answers.  
 
 
xviii 
 
 
Various analyses of the effectiveness of the online resources were performed. Student 
accesses of Bb Vista (course management system) were analyzed to determine the 
materials that best assisted students in general chemistry. Student grades were positively 
correlated with access of the lecture slides and exam answers available online. Finally, 
student OWL (online web-based learning) usage was analyzed, focused on specific 
chemistry topics (e.g., electronegativity and enthalpy) and student success. A large 
number of attempts at the online homework problems coupled with a low average time 
spent per attempt indicated chemistry topics that students did not understand. The online 
resource usage data were collected during general chemistry 1 in Fall 2009, the surveys 
and course performance data were collected during general chemistry 1 and 2 (Fall 2009 
and Winter 2010). 
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Chapter 1. BACKGROUND INFORMATION 
1.1. Need for the Study 
 
The goal in science education has always been to educate students in science and instill in 
them a desire to explore their chosen field in depth. The practical result has been to 
prepare students for employment as researchers, either in industry or academia. The 
question is, however, what is needed right now? According to Emma Smith of the 
University of Birmingham (UK), the answer depends on what field of science is of 
interest and where those science students are located (Smith, 2010). In developing 
countries, interest in science is high, presumably for its ability to provide a higher paying 
career. However, this interest decreases as the GDP of the given country increases. For 
the United States, this means there is a rather low interest in science. As a result, or 
perhaps merely as a coincidence, many U.S. companies hire foreign scientists to fill the 
company’s science, technology, engineering, and math (STEM) jobs.  
 
While Smith wrote specifically about science education in the United Kingdom, she 
claimed that her findings were applicable internationally, citing that the U.S., for 
example, was in a similar position. Additionally, many of her numbers were of U.S. 
origin. The problem in the U.S isn’t that scientists aren’t being trained. In fact, those 
numbers appear to be unchanged as a fraction of the overall population (Smith, 2010). 
However, most of the scientists that are currently being educated are in the applied 
sciences (e.g., psychology, environmental), rather than natural sciences (e.g., chemistry, 
physics). Students have become chemistry majors in approximately the same numbers 
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since at least the early ‘90s (Smith, 2010). Furthermore, the gender makeup of the natural 
sciences has remained essentially unchanged, despite the increase in the number of 
women getting college degrees, according to the U.S. Census (Francese, 2001). Women 
continue to lag behind men in STEM degrees; in 2009 there were 6.7 million men with 
STEM degrees but only 2.5 million women (Beede et al., 2011). 
 
Ultimately Smith determined that the hiring practices at companies with STEM jobs need 
to be changed more than the number of students enrolling in science. While this thesis 
will not be addressing the hiring practices of these companies, it can accomplish other 
worthy goals, such as improving education of existing chemistry students and suggesting 
possible methods for improving the attitudes of students in chemistry by highlighting 
correlations between changes in student attitude and their online resource usage. Though 
beyond the scope of this thesis, such changes in attitude may, as a result, increase the 
number of students choosing chemistry over other science disciplines.  
 
The first goal addressed in this paper is to begin to understand how first-year college 
students view themselves in relationship to chemistry and science and how those attitudes 
affect their ability to learn chemistry. According to Osborne, there are currently few 
studies (e.g., Hume et al., 2006; Shibley & Zimmaro, 2002) on how attitudes towards 
science change, and those that do exist are small in size (N = 20-130 students), limiting 
their applicability to other classrooms (Osborne et al., 2003). Compounding the problem, 
a survey of the available literature reveals that, of the few studies that do exist, even 
fewer of them have been studies of students in the United States. Since attitudes have 
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been shown to vary by region, this limits the applicability of the current studies to 
students in the U.S. 
 
As a practical offshoot, results showing behaviors or attitudes associated with student 
success (or failure) can help teachers improve the classroom experience and create 
environments more conducive to learning. This is especially important as it has been 
shown that attitudes impact what and how we learn by changing how likely a student is to 
engage with the class, the teacher, and the other students (Henderleiter & Pringle, 1999). 
One goal, then, is to condense the research into recommendations that teachers can use to 
improve students’ experience and learning in chemistry (i.e., how to combine information 
from the survey instrument with data on student usage of online homework systems to 
improve student success in chemistry). Given that the studies of attitude towards science 
in the U.S. are thus far few, another goal is to determine what aspects of a student’s 
attitude bear closer examination (in further research) and which areas are unlikely to 
produce further insight. 
 
1.2. Theoretical Framework 
 
The idea that attitudes are important in learning is not new. Learning, when viewed as the 
outcome of actions taken by a student, has been tied to attitude since before 1980. The 
Theory of Reasoned Action (TRA), proposed by Icek Ajzen and Martin Fishbein (see 
Figure 1.1), states that attitudes and social factors lead to decisions to act, which in turn, 
usually lead to action (Ajzen & Fishbein, 1980). The theory has since been revised and 
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expanded, but it has gained wide acceptance and formed the basis for attitudinal studies 
ranging from computer software acceptance to guidelines for treating AIDS patients to 
criminal psychology studies; the seminal work has been cited more than 30,000 times 
since its publication in 1980 (a rate of over 1,000 citations per year). 
 
 
 
 
Figure 1.1: Theory of Reasoned Action. 
Attitude and a subjective norm lead to behavioral intentions,  
which in turn leads to an intended behavior (Ajzen & Fishbein, 1980). 
 
 
 
In 1985, Ajzen expanded on the TRA by adding perceived behavioral controls as an 
antecedent to intention and action itself, creating the Theory of Planned Behavior (TPB) 
(Madden et al., 1992). Perceived behavioral controls, or “beliefs regarding the possession 
of requisite resources and opportunities for performing a given behavior,” act together 
with the attitudes and social factors used in the TRA to further influence a person’s 
actions (see Figure 1.2). In theory, the more someone believes that they can accomplish a 
certain goal (increased perception of behavioral control), the more likely that person is to 
carry out the action they had planned. In the case of a student, the result may be that a 
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student who plans to study actually sits down and studies, rather than distracting 
themselves from studying. The addition of perceived behavioral controls increased the 
accuracy of the TRA model; it was seen that when perceived control is low, the influence 
of that perception over actions increases, usually decreasing the likelihood that an action 
will be taken. 
 
 
 
 
Figure 1.2: Theory of Planned Behavior. 
Introduces perceived behavioral controls as antecedents affecting both  
behavioral intentions and final behaviors (Madden et al., 1992)  
 
 
 
Recently, Ajzen broke down perceived behavioral controls into two major components: 
self-efficacy and controllability (Ajzen, 2002). He defined controllability as how much 
control the subject has over their own performance of a planned action; self-efficacy was 
defined as “beliefs in one’s capabilities to organize and execute the courses of action 
required to produce given levels of attainments.” Ajzen further said that self-efficacy was 
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concerned with personal control, rather than concern over the eventual outcome. While 
more discussion will follow, it should be mentioned now that the definition of self-
efficacy used by Ajzen more closely aligns with the definition of self-concept as used by 
the author of the Chemistry Self-Concept Inventory (CSCI) than Bauer’s self-efficacy 
(Bauer, 2005). Bauer’s definition of self-efficacy is more related to specific tasks within a 
goal than is Ajzen’s.  
 
In the Theory of Planned Behavior, attitude, subjective norms (societal influences), and 
perceived behavioral controls all influence a person’s behavioral intentions. Perceived 
behavioral controls also directly influence behaviors after intentions have been taken into 
account. Shirley Taylor and Peter Todd studied the TPB in depth to find out to what 
extent each of these various antecedents to action could influence the others (Taylor & 
Todd, 1995). As seen in Figure 1.3, the influences on attitude and intended behavior cross 
over each other and make for a complex picture in determining intentions, making it 
impossible to determine all possible influences over an action. Ultimately, the TPB 
provides a framework where attitudes and self-concept are part of the decision-making 
process that students develop in deciding to study for a certain subject or even to stay in 
or leave STEM fields. 
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Figure 1.3: Theory of Planned Behavior with Belief Decomposition and Significant Crossover Effects. 
A breakdown of the various antecedents to action, as measured by Taylor and Todd. Only the significant (at 
the 95% confidence level) influences are shown, illustrating the complex nature of how behavior can be 
influenced (Taylor & Todd, 1995). 
 
 
 
TPB and TRA are not the only cognitive models available for assessing student’s 
attitudes. While most of these other models will not be discussed here, as they are not 
being used to form the backdrop of this research, one model is worth noting for its 
applicability to online homework: the Technology Acceptance Model (TAM), which is 
referenced in a number of studies regarding online homework (Mathieson, 1991). TAM 
and TPB are similar in that they both use attitudes to predict, in part, behavioral 
intentions (i.e., intention to use certain technologies). They differ in that TPB uses 
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various social variables and perception of control (discussed above), while TAM eschews 
the social and control variables for perception of usefulness and perceived ease of use, 
both more specific to technology. When they were compared side-by-side, TPB was 
found to capture more unexplained variance in the model than did TAM. Overall, TPB 
was found to be the more reliable model, unless the specific question was about which 
software package a person would choose.  
 
1.3. Attitudes towards Science and Technology 
 
Understanding attitude is the first step towards its measurement in a population. 
Throughout this study, the term “attitude” refers to a mental construct, a designation that 
has only been in use since 1918 (Koballa, 1988). More specifically, attitude is a learned 
mental construct, that is, humans are not born with attitudes, but learn them throughout 
life (e.g., no one is born with an innate attitude towards chemistry). According to 
Koballa, “attitude can be described as a learned predisposition to respond in a 
consistently favorable or unfavorable manner toward an attitude object.” It is important to 
note that attitudes always have some object at the focus of the attitude; unlike feelings, 
which can be abstract, attitudes cannot exist on their own. Attitudes here are related to 
but distinct from beliefs, interests, or values (Bauer, 2005). All three of these related 
concepts could influence attitudes and may have some innate qualities.  
 
Attitudes themselves are formed from a person’s beliefs (i.e., knowledge, facts, and 
evaluation of those facts), which are easier than “attitude” to test directly (by asking 
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questions about specific facts or evaluations of facts) (Koballa, 1988). In order to 
measure these beliefs and their underlying attitudes, a tool was needed, preferably one 
that had been previously validated for students similar to those in the current study. In 
choosing a previously validated instrument, the researcher is provided with an instrument 
that has already been proven to provide consistent, reliable, and reproducible results. It 
also provides the opportunity for direct comparison of results between separate uses of 
the instrument, once such results are published. Prioritizing for newer surveys, the 
Attitudes towards Science and Technology survey (A-ST or ATST), developed by Anu 
Gokhale, Paul Brauchle, and Kenton Machina, was chosen (Gokhale et al., 2009). Their 
survey was validated for students 17-21 years old and did not presuppose any scientific 
knowledge on the part of the respondent. It was designed to be applied across different 
populations in a relative sense: year-to-year, pre/post test, or control/test groupings.  
 
The ATST was based on the TRA as a theoretical framework for its survey questions and 
justification for the importance of studying attitude. Just as a laboratory instrument 
cannot measure everything at once, a survey instrument needs narrow focus given by a 
strict definition. In this case, the survey’s authors used the following, which is in 
agreement with the previous definition: “Attitude is defined as a positive or negative 
sentiment, or mental state, that is learned and organized through experience and that 
exercises a discrete influence on the affective and conative responses (i.e., how one acts 
on thoughts and feelings) of an individual toward some other individual, object, or event” 
(Gokhale et al., 2009). In short, attitudes are learned positive or negative predispositions 
that affect a person’s response to specific objects or events. 
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The authors of the ATST survey were primarily concerned with gender socialization and 
its role in STEM attitudes (Gokhale et al., 2009). They theorized that attitudes may help 
understand some observed discrepancies in STEM engagement between genders, as 
differences in innate skill between genders have not been shown to exist. Ultimately, the 
authors believed that women’s engagement in STEM may come more from attitudes than 
from self-efficacy or self-concept.  
 
To date, only one study has been published using the ATST survey, with two resulting 
papers thus far (Gokhale, 2010; Machina & Gokhale, 2010). In the preliminary paper, the 
authors describe the creation of science modules as additions to a general education 
course for first-year college students using the Science/Technology/Society (STS) 
guided-inquiry model. Their initial results showed an increase in the “desire to gain 
science and technology knowledge” and the belief that “science and technology are 
beneficial to mankind” due to the introduction of the STS material (Gokhale, 2010). 
However, the follow-up paper revises the “increase” found initially to maintenance of 
higher attitudes compared with other students whose attitudes declined. The study found 
that the inclusions of STS material in the form of visits with STEM professionals (both 
men and women) and context-based content helped maintain attitudes towards science. 
When the STS materials were removed from the course, all five sub-scores of attitude (as 
measured by the ATST survey) decreased. The only changes in attitude that were found 
to be significant were decreases and all of those decreases were measured amongst the 
women in the study; no men saw any change in their attitudes towards science and 
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technology (Machina & Gokhale, 2010). The authors’ conclusion was that women 
needed to see people actually engaged in and enjoying STEM jobs to keep the women’s 
interest in STEM. Further research could not be continued as the course at the center of 
the study was discontinued. In depth analysis was likewise impossible, as the surveys 
were only given anonymously, as the authors were sure that anonymity was necessary for 
honest answers. 
 
In a survey of research on attitudes, Osborne found that classroom activities were the 
strongest influence on attitude and that variety in those activities was important for good 
attitudes towards science. However, a distinction was made between attitudes towards 
“school science” and attitudes towards “science outside of school.” After making this 
distinction, it was seen that attitudes towards science in schools was generally lower than 
attitudes towards science outside of schools. Osborne also used the TRA as a theoretical 
framework for discussing attitudes and noted that cultural differences (subjective norms) 
had impact on attitudes (Osborne et al., 2003). 
 
Osborne was, and presumably still is, not in favor of surveys being used for collection of 
attitudinal data. He believes that surveys are too impersonal and fail to get at the heart of 
attitudes; that only interviews can capture true causes of attitudes. Needless to say, 
Osborne uses only interviews in his own research methods and eschews attitudinal 
surveys. However, he does cite a number of studies that did use surveys and found that 
there were a number of studies that found little link between attitude towards science and 
achievement in the classroom, while others found moderate correlations between attitude 
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and achievement. The results regarding achievement were inconclusive (Osborne et al., 
2003). Other studies have found that attitudes towards science decrease as grade level 
increases (Koballa, 1988).  
 
Since attitudes are built on evaluations of the facts that one knows, or wants to know, it 
stands to reason that there is a correlation between science knowledge and attitudes 
towards science. As it turns out, attitudinal evaluations are very specific; general attitudes 
towards science can vary widely from attitudes towards a specific science (e.g., chemistry 
or biology). It has been observed that increased knowledge correlates with increased 
attitudes towards a given topic (Allum et al., 2008). More to the point, specific 
knowledge for a specific subject correlates with attitudes towards that subject, but general 
science knowledge correlates with general attitudes towards science. These findings were 
observed in studies in many different countries, after accounting for cultural differences. 
However, it is important to note that cultural differences did account for approximately 
10% of the variation between each study. Not included in the comparison were any 
countries from Africa, the Middle East (except Israel), or southern Asia; the inclusion of 
those countries may have increased the variation between cultures above 10% (Allum et 
al., 2008). It has also been observed that initial expectations (and thus, incoming 
attitudes) influence later perceptions, which is an important consideration for pre/post-
test models (Hume et al., 2006). 
 
Attitudes towards chemistry show an equally mixed result when comparing attitudes and 
achievement. One problem that appears to be hampering solid conclusions in this area is 
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the lack of widespread research on the topic. Compared with attitude research elsewhere, 
chemistry attitudes have been largely neglected and, when attitudes have been studied, 
the methodologies are vastly different. One study made changes to an Introductory 
Chemistry Lab at Penn State Berks-Lehigh Valley College by instituting lab work in 
groups in an effort to increase student attitudes and performance. Performance was 
unchanged between the experimental and control groups; an increase in attitude was 
claimed for the group that performed the group experiments, though their evidence was 
anecdotal and could not be quantified (Shibley & Zimmaro, 2002). A study of 9th grade 
students in their first chemistry course found no correlation between the students’ 
attitudes towards chemistry and their performance (Nieswandt, 2007). In Turkey, a study 
on the effect of computer-aided teaching of acid/base chemistry on attitudes of 8th grade 
students found a significant difference in attitude between the control group (no computer 
teaching aid) and the test group (computer teaching aid). The students in the test group 
had a better attitude towards chemistry than that of the control group. However, the 
difference was found significant with just one t-test, without any repeated measures and 
only on a rather small group of 52 students; student performance was not included in the 
study (Bayrak & Bayram, 2010). Finally, a study in Hong Kong on 954 secondary school 
students showed mixed results regarding attitudes towards chemistry. The study looked at 
effects of grade level and gender and found that boys preferred chemical theory to lab 
practice, while the girls preferred lab work. The attitude of the boys was shown to be 
lower for each successive grade, with the greatest decrease in attitude towards lab work. 
The study was a single sample across multiple grades in 2006 and not longitudinal 
(Cheung, 2009).  
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Due to the lack of current data on attitudes towards chemistry in the United States, some 
efforts are being made to correct that. Christopher Bauer, who also authored the 
Chemistry Self-Concept Inventory (CSCI) (Bauer, 2005), created an “Attitude towards 
the Science of Chemistry Inventory” (ASCI). This, in turn, was modified by some 
researchers concerned over the length of the survey to create the ASCI-II, a shorter 
survey designed to avoid “survey fatigue” (Brandriet, et al, 2011). Both surveys have 
been validated and published; the ASCI-II was shown to test for the major sub-score that 
was part of the original ASCI and was shown to work equally well when administered on 
paper or online. The survey was shown to be a sensitive tool, able to track small but 
significant changes in student attitudes towards chemistry. The authors found that student 
attitudes towards chemistry correlate positively with success in chemistry (Brandriet, et 
al, 2011). A study measuring the effects of introducing topical chemistry news into the 
curriculum found that increasing initial expectations of success in the class helped to 
increase the students’ classroom performance (Hume et al., 2006). 
 
However, not all studies on changes in attitudes towards chemistry have found a positive 
result. A 1999 study of chemistry majors measured student attitudes using both surveys 
and interviews. The surveys found no significant changes in attitudes over the course of 
the first term (Henderleiter & Pringle, 1999). Nevertheless, the authors claim that the 
interviews had hinted at a change in attitude and concluded that this was the more likely 
case. Though the authors did not use the term “Self-Concept,” a review of some quotes 
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taken from the interview sessions seems to indicate that what may have changed was self-
concept (see below) or, as the authors deemed it, “self-perception,” rather than attitudes.  
 
1.4. Self-Concept 
 
As mentioned previously, part of what contributes to making decisions to act, according 
to the TPB, are perceived behavioral controls. As Ajzen observed, part of the perceived 
behavioral controls were “beliefs in one’s capabilities to organize and execute the courses 
of action required to produce given levels of attainments” (Ajzen, 2002). Ajzen defined 
these beliefs as “self-efficacy,” though they bear a resemblance to Bauer’s definition of 
self-concept: “a cognitive evaluation of one’s ability in a domain, a person’s perception 
of self, an evaluation an individual makes and customarily maintains with respect to 
himself or herself, in general or specific areas of knowledge” (Bauer, 2005). Bauer 
considers this distinct from self-efficacy, which he defines as “an ability to do something 
very specific” (e.g., run an NMR, take a test, etc.). Conceptually, it would seem that 
“beliefs in one’s capabilities” is closer to “a cognitive evaluation of one’s ability” than 
“an ability to do something specific.” Ultimately, it was Bauer’s definition and the survey 
that was developed from that definition that were chosen for use in this study, and thus 
definitions that match with Bauer’s will be considered “self-concept.” Chemistry self-
concept, then, is how a person views their ability to learn and apply chemistry 
knowledge. 
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In order to measure chemistry self-concept, Bauer developed the Chemistry Self-Concept 
Inventory (CSCI) (Bauer, 2005). The survey was developed from the Self-Description 
Questionnaire III (SDQIII) and was designed for use with college students (Marsh & 
O'Neill, 1984). Bauer suggests that the absolute values arising from the self-concept 
survey are meaningless. Rather, the scores should be used in a comparative manner, 
much like the ATST: pre/post, between groups, year-to-year, etc. Furthermore, in the 
paper, Bauer challenges teachers to set a goal to enhance not just grades, but self-concept, 
which he feels is nearly as important as grades. 
 
In general, self-concept is not formed as an isolated construct, but in comparison with 
one’s performance in other subjects. For example, if a student does well in chemistry, but 
feels they performed even better in biology, that student’s chemistry self-concept will 
suffer by comparison. Comparisons for formation of self-concept are made both 
internally (e.g., “How do I perform in these various disciplines?”) and externally (e.g., 
“How do I perform compared with the other students?”). It should be noted that self-
efficacy lacks the external comparison seen in self-concept evaluations (March et al., 
1991). These comparisons as the basis for self-concept could be described as the “big fish 
in a little pond” effect, where a student going from a relatively small pool of comparison 
(high school) will be forced to re-evaluate their own abilities once they reach the bigger 
pool of comparison (college) (Byrne, 2002). For these reasons, self-concept cannot be 
seen as a single number that represents the entirety of someone’s self-concept (as was 
done in early studies); there are too many components that make up one’s self-concept 
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for one single measurement to be useful. Subject-specific self-concepts are much better 
and more meaningful.  
 
Academic self-concept, or the cognitive evaluation of one’s ability in learning and 
understanding various academic subjects, has been studied by a number of researchers 
interested in improving students’ academic achievement through improved academic 
self-concept. These researchers have hypothesized that achievement and self-concept 
reinforce each other and are, as a result, in a causal relationship. According to Marsh and 
Martin, “a positive self-concept is valued as a desirable outcome in many disciplines of 
psychology such as educational… Self-concept is regarded as a highly important and 
influential factor in that it is closely associated with people’s behaviors and various 
emotional and cognitive outcomes… Self-concept enhancement is seen as a central goal 
of education” (Marsh & Martin, 2011). Multiple studies have shown that there exists a 
reciprocal relationship between academic self-concept and achievement, with each 
reinforcing the other. A study published in 2010 explored the link between achievement 
and academic self-concept and confirmed that achievement and academic self-concept 
affect each other reciprocally, forming a feedback loop (Pinxten et al., 2010). The authors 
also observed that self-concept works more on a motivational level than a conscious 
level. This is what would be expected according to the Theory of Planned Behavior, 
which says that self-concept, as part of perceived behavioral control, modifies behavioral 
intentions as well as behavior itself (Figure 1.2). They also confirmed that self-concept is, 
in part, formed through external comparisons, specifically with classmates.  
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In one study of chemistry self-concept using the CSCI, self-concept was found to be a 
predictor of success, even when controlling for high school preparedness (i.e., SAT/ACT 
scores, etc.) (Lewis et al., 2009). The survey was given to 82 first-year college students in 
a general chemistry course at a small, liberal arts college in the Mid-Atlantic U.S. Since it 
had been previously observed that mid-term self-concepts were more predictive of 
success than initial self-concepts, surveys were issued after the first exam and at the end 
of the term. (Note: the observation that mid-term self-concept is more predictive was 
taken from a study on 9th grade students who had never before had a chemistry course 
(Nieswandt, 2007), and may not be directly applicable to incoming college students, most 
of whom have had some exposure to chemistry in high school.) The authors of the study 
noted a significant increase in the students’ chemistry self-concept by the end of the 
course. The increase in self-concept was ascribed to the inclusion of an active learning 
pedagogy (in this case, process-oriented, guided-inquiry learning, aka POGIL). The 
authors of this study also felt that increasing student self-concept was an important 
educational goal and that their study had shown that self-concept can be improved 
through classroom improvements. 
 
In the study of 9th grade students mentioned above, chemistry self-concept was found to 
be important in the retention of chemistry knowledge (Nieswandt, 2007). Since the 
students in this study had not had a full chemistry course before this class, the author 
hypothesized that the students would not have formed an accurate chemistry self-concept 
and thus only measured chemistry self-concept part-way through the year. For these 9th 
graders, it was found that chemistry self-concept was stable throughout the year. 
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However, the larger goal of the study was to explore the link between self-concept and 
science understanding. It was found that high engagement and persistence in academic 
activities in the classroom, both necessary behaviors in successful learning, are correlated 
with high self-concepts, which explains why chemistry self-concept was important in the 
retention of chemistry knowledge.  
 
While self-concept is a collection of beliefs of one’s abilities, a part of those beliefs is 
self-efficacy. It had been observed that self-concept and self-efficacy were related but 
separate constructs, with some people arguing that one construct is more important than 
the other. Most recently, a review of self-efficacy and self-concept literature suggested 
that self-efficacy provides the basis for self-concept, which means that some integration 
of the two concepts is possible (van Dinther et al., 2011). In this review, 18 different 
factors affecting self-efficacy (and thus potentially affecting self-concept) were 
identified, and it was determined that self-efficacy could be changed at the college level 
(both positive and negative influences were possible). Of the factors that were most 
effective, practical experience proved to be the best at increasing self-efficacy. Methods 
of comparison or observation (watching someone else perform a task of interest) were 
limited in raising self-efficacy, while verbal persuasion was not effective at all. The 
authors also noted that this was not an exhaustive list and that more studies of factors 
affecting self-efficacy or self-concept are needed. 
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1.5. Online Homework 
 
Research into effective study habits has produced very useful results, though they tend 
not to be widely disseminated and frequently encounter resistance from teachers. For 
example, a study has shown that testing (i.e., exams) is just as important to the learning 
process as is homework; tests help students with recall of information at a later time 
(Roediger & Karpicke, 2006). As far as studying, spacing learning out over time helps to 
increase retention, as does switching rooms while studying, switching topics while 
studying, and studying in a room with a nice view (Carey, 2010). There is always, of 
course, the question about the effectiveness of homework. A review of 45 journal articles 
regarding research on online homework (some compared directly with paper homework) 
found that claims of homework effectiveness were frequently specious, as the research 
designs were usually suspect (Bonham et al., 2003). As a result, the one conclusion that 
can be drawn from current literature is that online homework is no worse than paper-and-
pencil homework and, in some cases, may be more effective. Then again, online 
homework may encourage a “plug-and-chug” method where students keep trying answers 
instead of trying to understand their mistakes at the conceptual level (Kortemeyer, 2006). 
The problem with research about online homework (or any internet-based technology) is 
that technology changes rapidly, while research comes out very slowly. More than one 
paper has been published about a system that no longer existed by the time of publication, 
e.g., Ngai et al., 2007; Zerr, 2007. Whether or not this affects the results reported depends 
largely on if the conclusions were pedagogical in nature or more technically oriented. If 
the former is true, then it is unlikely that the results would be invalidated as long as the 
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pedagogy remains unchanged in any new system. If the latter is true, then the results are 
largely meaningless by publication time. 
 
For online homework to be applied effectively, knowing how students currently use the 
available technology and their reasons for doing so are both important questions. A study 
was conducted in a psychology course at the University of Central Florida, Research 
Methods in Psychology, comprised of college juniors and seniors majoring in psychology 
with an online-only section (optional enrollment). This study sought to discern the 
reasons for students choosing to take an online course (Wang & Newlin, 2002). Though 
some of their methods were problematic (ignoring group-size discrepancies and relying 
on self-reporting for online homework usage), the authors did find that a student’s reason 
for selecting the course affected online usage: students who chose an online course 
because they preferred that method of instruction fared better in the class than those who 
took the class because it fit in their schedule. They also observed that first-week online 
usage, as well as usage through the entire course both correlated significantly at the 99% 
confidence level with final grades, accounting for 18-27% of the variance in grades.  
 
A physics study looked specifically at a series of physics tutorials designed for Network 
Analysis I at the University of Louisville, a 200-level course. A series of 20 tutorials in 
all were created and were 10% of the final grade in the course. The students repeated 
each of the tutorials an average of 2.2 times. The authors claimed that the students were 
repeating the tutorials to master the material, but conceded that the repetition may have 
only come about as a result of the desire for a higher grade (Cleaver & Elbasyouni, 
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2005). In all, only 6 out of the 20 tutorials had randomized variables; in the other 14, the 
answers were identical the second time through. With this knowledge, the average 
number of tries per tutorial can be calculated as a result of each non-random tutorial 
being run twice (once to see answers, twice to input correct answer) and the randomized 
tutorials being done more than twice each. While the students may have been trying to 
master the material, this study was unable to prove or disprove that theory.  
 
Of course, most studies of online homework systems have focused on their effectiveness 
as a teaching tool. The most thorough study comparing online homework with paper-and-
pencil homework was performed in multiple introductory physics classes in a large state 
university in North Carolina with a large engineering population (Bonham et al., 2001). 
Both algebra and calculus-based introductory physics classes were analyzed, with 
approximately 220 and 120 students, respectively. The authors compared online 
homework that gave feedback to students after wrong answers to paper homework that 
was graded, with a heavy focus on leaving feedback for the students, by full-time TA’s 
assigned only to the authors’ research project. Success of the students was measured by 
two different metrics: class tests and the physics concept test (not for a grade). The results 
of the study showed that there was no significant difference between performance for 
students who were in the paper (control) or online homework group. According to the 
interviews, students were printing off the online homework and calculating it on paper 
and then entering their results online, which made it functionally the same as paper-and-
pencil homework, prior to feedback. Further analysis showed that initial GPA and various 
pre-tests available to the authors were significant predictors of student performance, 
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whereas the type of homework (online or paper) assigned was not a significant predictor. 
The results of the study were the same regardless of which of the three methods of 
assessing success were used; all three showed the same results. The authors concluded 
that the pedagogy underlying the homework was much more important that the method of 
its delivery. Since the questions online and on paper were essentially the same, it is not 
surprising that there was no observed difference in student performance based on their 
homework method (Bonham et al., 2003). 
 
In a study of an online physics homework software different from the system used by 
Bonham, the use of OWL (Online Web-based Learning; originally developed for 
chemistry, but a physics version was used in this study) was claimed to boost student 
performance in the classes studied: four 100-level physics courses, two aimed at life 
science majors and two aimed at physical science majors or engineers (Dufresne et al., 
2002). The courses were taught at the University of Massachusetts – Amherst. Most of 
the authors’ results show an increase in student performance (as measured by grades) that 
is not statistically significant. The claim about performance increase is based on a small 
increase of online over paper homework in almost all samples, but without any statistical 
significance at the 95% confidence level for any of the observed differences. While the 
authors acknowledge that homework is not always directly associated with student 
success, the interpretation of their own data could be colored by their association with the 
school that originally developed OWL (University of Massachusetts – Amherst). What 
can be confidently concluded from this study is that, as with the North Carolina study, 
online homework was as effective as paper homework in affecting student performance. 
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In 2003, one of the dominant online course tool software packages available to colleges 
was WebCT. Designed as a classroom management system, it provided tools for teachers 
to develop their own online homework platforms as well as host other online materials. 
The program was widely adopted and its successor, Blackboard Vista, was used in the 
current study to host lecture slides and other classroom materials. (OWL was the current 
study’s online homework platform.) WebCT was studied to see what factors influenced 
student use of the online platform (Ngai et al., 2007). Attitudes, specifically perceived 
ease of use and the usefulness of WebCT, were shown to have a weak, direct effect on 
student use of WebCT. It is perhaps surprising to see any effect at all, since the use of 
WebCT was required for the course. In all, 12% of the variance in student use of WebCT 
was explained by the authors’ TAM (technology acceptance model), but their 
measurement of WebCT use was based on student-reported surveys and not actual usage 
data from WebCT, so the conclusions of the study are limited. 
 
Some studies have shown a positive influence on students’ achievement. Teachers who 
developed their own homework system through WebCT or Blackboard (Cole & Todd, 
2003; Zerr, 2007) found that feedback on homework increases the retention of 
information. Cole and Todd, studying a first-term general chemistry class taught during 
the fall term at a large Midwestern university, found that ACT math scores showed a 
stronger correlation with achievement in chemistry than WebCT usage. It was also 
observed that students with high logical ability expressed a dislike of the online 
homework system (Cole & Todd, 2003). Similarly, a study of calculus students in a first-
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term calculus course at the University of North Dakota showed that automated feedback 
that mimicked teacher feedback had a positive effect on student confidence and 
engagement (Zerr, 2007). The homework system, developed on Blackboard, had over 
1000 instructor-created problems and allowed students to repeat homework sets until they 
achieved a perfect score. It was observed that younger (1st year) students spent more time 
on the online homework, as older students got fewer “perfects” on their homework. 
 
A study in an introductory environmental biology course with large enrollment at 
Michigan State University showed a similar effect when they replaced passive classroom 
lectures with online homework assignments and created a hybrid course (Riffell & 
Sibley, 2005). The hybrid course, which still had one active lecture per week, was 
compared with an otherwise identical course that had two passive classroom lectures (i.e., 
standard lecture in front of a class with no student interaction) and one active lecture per 
week (i.e., a lecture that focused on group exercises in lieu of standard lecture). The 
hybrid course used the LON-CAPA homework system developed at MSU 
(LearningOnline Network with a Computer-Assisted Personalized Approach; copyright 
Michigan State University Board of Trustees). The study showed that students in the 
hybrid course used the assigned textbook more than the traditional students, but there was 
only a slight increase in performance. Unlike the University of North Dakota study, the 
increase in performance (approximately 10% increase in grades) was observed with the 
junior and senior students and not the younger students. 
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Homework and its effectiveness as an online teaching tool is not the only technological 
change in teaching that has been studied. Online classrooms have been compared with 
traditional in-person classrooms and, according to McLaren, many have been shown to be 
equally effective for educating students who stay in the course (McLaren, 2004). The 
problem, however, is that online students have a much higher drop-out rate than students 
in a traditional classroom. In attempting to determine success in online classrooms, a 
selection of classes from the University System of Georgia’s electronic core curriculum 
(eCore®), it was noted that time on task was the most important factor. Contact with the 
professor and spending time reading online discussions were shown to increase final 
grades. In the classes studied (English composition, U.S. history, and Introduction to 
Geology), being active as a student posting in discussions was not a factor in success 
(Morris et al., 2005). When the topics of online discussions were analyzed, it was 
observed that posts at the conceptual level (i.e., “What is the underlying concept?”) 
correlated positively with grades, but posts at the solution level (i.e., “How do you solve 
this problem?”) correlated negatively with grades (Kortemeyer, 2006). 
 
1.6. The Current Study 
 
There is a continuing debate in the literature over whether or not technology can increase 
educational achievement. The preponderance of evidence seems to be coming down 
somewhere between absolutely yes and absolutely no; the best results are achieved 
through a combination of real and virtual activities (Zacharia, 2007). In a meta-analysis 
of over a thousand papers on technology in the classroom, the preliminary conclusion 
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reached by the authors was that moderate use of technology (neither too high nor too 
low) leads to the highest student achievement. The theory is that technology that supports 
meta-cognition is the best and that excessive technology use results in cognitive overload 
(more information than the brain can process meaningfully), limiting the technology’s 
usefulness. In the end, technology is likely limited in its ability to increase achievement; 
pedagogy still is key to improving student success (Schmid et al., 2009). 
 
The issues surrounding technology use in general, and online homework systems in 
particular, are complex. How attitudes, self-concept, and online course materials interact 
in a chemistry course has not been explored. This study proposes a number of questions 
pertaining to these interactions, with the dual aims of outlining the previously mentioned 
interactions for further, more directed studies, and providing teachers with ways to better 
interpret their students’ online activities and better predict behaviors. The first question 
asked is what factors, such as gender or major, predict online resource usage, self-
concept, student achievement, or attitudes towards science and technology? Furthermore, 
does a high initial attitude towards science and technology or a high initial self-concept 
lead to higher online resource usage or higher achievement? Initial surveys of attitude or 
self-concept are likely to be more predictive of student performance than gender or 
major, as attitude and self-concept will influence students’ educational choices 
throughout the term.  
 
The second question investigated is the correlation between changes in self-concept or 
attitudes towards science and technology, student achievement, and online studying. 
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Various sources in the literature have noted that increased attitude towards science and 
increased self-concepts are desirable goals, which should help students after leaving any 
one particular class. For any changes that are observed, how likely are those changes to 
persist through another term? Knowing whether certain attitudes are ephemeral or longer-
lasting and with what they may be correlated would assist in allocating teaching 
resources appropriately.  
 
Finally, there is the question of student behavior and what is most effective as a method 
of studying. Generally, there are three categories of student achievement into which 
various chemistry topics can be classified: topics where students perform poorly all term, 
topics where students perform well all term, and topics where students show 
improvement over the term. (Topics where students initially see success and then stop 
performing well are not usually seen, but could be considered similar to performing 
poorly all term.) How does the behavior of students differ on chemistry topics where they 
perform poorly versus topics on which they improved over the term? While differences in 
online usage can be expected between the different categories, differences in the type of 
chemistry content can be expected as well. Does a student spend more time on the topics 
on which they perform well or on which they improved their scores? Are conceptual 
chemistry problems (e.g., electronegativity or bond properties) or math-focused problems 
(e.g., enthalpy or stoichiometry) more difficult for students to master? Knowing some of 
the answers to these questions will give teachers and students valuable information to 
maximize effective instruction and studying. 
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To answer these questions, the two surveys ATST and CSCI were combined and issued 
to students in General Chemistry 1 and 2 (CHEM 101 and CHEM 102) at Drexel 
University, a mid-sized, private university in southeastern Pennsylvania. The design used 
three survey points, at the beginning of CHEM 101, at the end of CHEM 101, and at the 
end of CHEM 102. These survey results were collated with the students’ representative 
online activity during the CHEM 101 term on both OWL and Bb Vista. After the data 
were collected, they were analyzed through SPSS, a statistical software package provided 
by Drexel University, to find patterns to confirm, refute, or modify the above questions. 
 
In Chapter 2, the methods used for the study are discussed, including the rationale for the 
methods chosen. Terminology and symbols used throughout the thesis are explained. 
Chapter 3 provides a detailed description of the student cohort used in the study based on 
their demographics and their initial responses to the surveys. In Chapter 4, changes in 
student attitudes are studied in their relationship to students’ online resource usage. 
Chapters 5 and 6 study the effectiveness of the online resources provided. Chapter 5 
looks at OWL, focusing on specific chemistry topics (e.g., electronegativity and 
enthalpy) and student success, while Chapter 6 looks at Bb Vista and what materials 
posted online best assist students in general chemistry. Chapter 7 details some further 
ideas for research expanding on this thesis. 
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Chapter 2. METHODS 
2.1. The Sample Population 
 
The students in this study were enrolled in the Drexel University CHEM 101 Fall 2009 
and the General Chemistry II (CHEM 102) Winter 2010 courses. The fall term had 977 
students who completed the course, while the winter term had 868 students who 
completed the course. Of those 977 who completed the fall term, 870 gave their 
permission to be used in the study. Likewise, 763 of the students who completed the 
winter term gave their permission to be used in the study. 740 students completed both 
courses and gave their permission to be included in the study. 
 
Each student in the study was given a survey (described below) to measure their attitudes 
towards science and technology as well as their chemistry and academic self-concepts. 
To measure differences over time, the surveys were repeated twice for a total of three 
surveys per student. All surveys were handed out during the recitation sections of the 
course and were handled by the TA’s (i.e., teaching assistants, who were mostly graduate 
chemistry students) that taught those recitation sections. The first survey (S1) was given 
on the week of Sept. 21, 2009 (first week of the term), the second survey (S2) during the 
week of Nov. 20, 2009 (second-to-last week of the term), and the third survey (S3) during 
the week of Mar. 9, 2010 (last week of the winter term). 
 
Student participation in the study was voluntary, and it was made clear to the students 
that their course grade would be unaffected by participation in the study. Those who 
participated gave their permission to have their survey responses linked with their course 
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information (demographics, grades, participation, etc.) and their online activity as 
recorded in OWL and Bb Vista (described below). Each student’s information was 
linked, initially, through their Drexel Student ID. Once the data were linked between each 
source, all personally identifying information was removed (Student ID, Name) and 
replaced with a computer record code. While it was made clear that students could 
remove themselves from the study at any time for any reason, no students revoked their 
consent to be studied. 
 
2.2. The Survey Instrument 
2.2.1. The Instrument 
 
The survey instrument used for this study was comprised of two separate surveys: the 
Attitudes towards Science and Technology Survey (ATST or A-ST) (Gokhale et al., 
2009) and the Chemistry Self-Concept Inventory (CSCI) (Bauer, 2005). All 30 questions 
of the ATST survey were used, but only 29 of the original 40 questions on the CSCI were 
used. The questions removed from the CSCI all related to the mathematics self-concept 
sub-score and were removed because this self-concept was not of interest in this study 
and to make the resulting survey instrument a more reasonable length (59 questions). The 
only change to the validated survey was the removal of those questions; the order and 
presentation of the other questions was unchanged in an effort to ensure that the validity 
of the CSCI was not damaged. The two portions of the final survey instrument were 
presented with the ATST portion first, followed by the CSCI. It was assumed that putting 
two surveys together would not invalidate their reliability. Once the sub-scores were 
validated (see below), each individual student’s set of sub-scores were calculated by 
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averaging the responses to each question that contributed to a given sub-score; scores 
were reversed before being added to the average when the loading (Table 2.1) for a given 
question was negative. (Loadings are a measure of the correlation between individual 
questions and each sub-score.) If a student missed a question for a given sub-score, the 
average was calculated from the remaining responses given. 
 
As stated above, the surveys were collected from students at three different times during 
the course of the year. This resulted in 815 surveys collected in the first round (S1), 660 
surveys collected during the second round (S2), and 538 surveys collected in the last 
round (S3), for a total of 2013 surveys. Rather than use electronic entry (e.g., 
“Scantron”), students were given a copy of the survey on which they indicated their 
answer for each question. While this meant that each survey had to be entered into the 
computer by hand, it was done to increase the accuracy of the survey by reducing known 
student errors (e.g., skipping a question on the survey but not on the answer sheet). By 
entering the surveys manually, the coder (in all cases the data entry was done by the 
thesis author) could correct for obvious mistakes (e.g., one answer not totally erased), 
incorrect selections (e.g., picking one of two selected responses), or, in a very few cases, 
eliminating obviously false surveys (e.g., student picked all 5’s and 7’s). This resulted in 
a total of 1971 valid surveys. 
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2.2.2. Instrument Validation 
 
In order to revalidate the surveys for use in this study, the factor analyses run to validate 
both surveys initially were re-ran to validate this study’s survey instrument. SPSS 18 (a 
statistical suite provided by Drexel University) was used to run factor analyses using the 
principal component method with Varimax rotation and Kaiser Normalization. Strictly 
speaking, principal component analysis is not a factor analysis, but a closely related 
analysis. It was used, however, because this was the method used to validate both the 
ATST and the CSCI initially (Field, 2009, p. 638). The loadings, a sample of which can 
be viewed in Table 2.1, are an expression of how much a given problem is associated 
with (loads on) an underlying sub-score. Loadings for a question on a given variable less 
than 0.45 (absolute value) were not included in the final results; the full charts, with 
loading values below 0.45 not shown, can be seen in Table 2.4 – Table 2.7. These were 
the same parameters used to analyze both the ATST and the CSCI. To correlate the 
results of the original surveys with the results of this study, the same numbers of sub-
scores as used in the original papers were extracted. For ATST, five factors were 
extracted; for CSCI, four factors were extracted, initially. 
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Table 2.1: Loading Chart (Rotated Component Matrix) for Selected Questions on Survey. 
Questions below (Q4, 7, 13, 24, and 27) correspond to the questions shown in Table 2.4 – Table 2.7. 
Italics show loadings below an absolute value of 0.45; bold is used to highlight loadings above 0.45. The 
sub-score numbers correspond to the sub-scores in Table 2.2. Only questions that loaded with an absolute 
value greater than 0.45 were used to calculate the corresponding sub-score. 
1 2 3 4 5
Q4 .568 .214 -.055 .186 .115
Q7 .216 .640 -.077 .037 .033
Q13 .205 .493 -.360 .017 .023
Q24 .564 .104 -.081 -.105 .039
Q27 .725 -.035 -.015 .021 .046
 
Sub-Score
 
 
 
 
All three surveys (S1, S2, and S3) were included in the factor analyses. Since a factor 
analysis only looks at how different questions in the same survey affect each other (intra-
survey), and not at how questions affect other surveys (inter-survey), having two or three 
surveys filled out by one person (but spaced out over time) gives us two or three valid 
data points in the factor analysis. That is, since the theory is that a sub-set of questions in 
the survey all are affected by the same underlying variable, it doesn’t matter who is 
sampled or when or even how many times. The questions related to this underlying 
variable will all be affected in the same way each time. Obviously, the larger the sample 
of subjects surveyed, the better the reliability, and if the variables underlying the 
questions are truly reliable, resampling of subjects will bear this out in the calculations.  
 
In all, a total of 1971 surveys were used to run the factor analysis. The analysis was run 
with invalid (missing) entries only being ignored pairwise, ensuring that the maximum 
number of samples were considered. Ignoring the entries that were invalid yielded an 
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average N of 1958 for the ATST and 1949 for the CSCI. (N varied for each question due 
to the pairwise parameter.) 
 
For the Attitudes towards Science and Technology survey, the factor analysis results 
correlated very well with the original paper (Gokhale et al., 2009). There were only four 
differences: 3 questions that were not included in the sub-score calculations in the 
original paper were found to contribute to the first two factors (question 29 for “interest 
in gaining science and technology knowledge” and questions 3 and 8 for “science and 
technology are beneficial to mankind”). The only other difference was that in the sub-
score "appropriateness of science and technology for females," the final question (Q30) 
was no longer found to be a factor in this sub-score (or any other sub-score). The five 
sub-scores account for 50% of the variance in the survey. The labels for each sub-score 
can be found in Table 2.2, along with corresponding abbreviations used in this thesis; the 
loading factors extracted from the ATST survey can be found in Table 2.4 and Table 2.5. 
The reliability (see below) of each sub-score is relatively high; all sub-scores except 
“appropriateness of science and technology for women” have a Cronbach’s α greater than 
.72, which has a Cronbach’s α of .672 (Table 2.3; see section 2.2.3). 
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Table 2.2: Sub-Score Labels and their Abbreviations 
Sub-Score Label Abbreviation
Sub-Score 1:
Interest in gaining science and 
technology knowledge
[GainSTKnowledge]
Sub-Score 2:
Science and technology are beneficial 
to mankind
[Benefit]
Sub-Score 3:
Concern that science and technology 
are dangerous to human-kind
[Concern]
Sub-Score 4:
Appropriateness of science and 
technology for women
[ApproFemale]
Sub-Score 5:
Men and women have equal 
opportunity in science and technology
[EqualOpp]
Sub-Score 6: Chemistry Self-Concept ChemSC
Sub-Score 7: Academic Self-Concept AcademicSC
Sub-Score 8: Creative Self-Concept CreativeSC
 
 
 
 
For the Chemistry Self-Concept Inventory, the factor analysis results did not entirely 
match the results reported by Bauer (Bauer, 2005). Since this study used a different (and 
larger) cohort of students than Bauer’s study, this could be reasonably expected. The 
questions relating to the sub-score chemistry self-concept matched with the loadings seen 
in the original paper exactly. So, for the most important sub-score, the survey was 
validated. However, there were problems with the three other sub-scores extracted during 
the principal component analysis, which required further refining of the sub-scores 
extracted. 
 
As stated above, the factor analysis was run and four sub-scores were chosen to be 
extracted. These four sub-scores corresponded with the four sub-scores remaining from 
the original five sub-scores in the CSCI: chemistry self-concept, academic enjoyment 
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self-concept, academic self-concept, and creative self-concept; questions related to 
mathematics self-concept were removed prior to issuing the surveys. Since the only 
questions removed corresponded to mathematics self-concept, extracting four sub-scores 
was the most logical choice, and would validate the survey if the sub-scores extracted 
matched those in Bauer’s paper. As previously mentioned, the questions contributing to 
the chemistry self-concept sub-score matched exactly with the original paper. However, 
the other three sub-scores did not match Bauer’s sub-scores when the factor analysis was 
run. One question showed up with high loading under two sub-scores instead of just one 
(question 40), and questions from each of the original three sub-scores showed up in each 
of the three new sub-scores. The questions did not sort logically into the three different 
sub-scores and showed no obvious underlying variable. Since factor analysis is a 
mathematical attempt to find some “real” variable relating observed surface phenomena, 
there should be some logical reason for each question to relate to the others in a given 
sub-score (e.g., all of the chemistry self-concept questions ask how a student feels about 
chemistry). For whatever reason, four sub-scores could not be extracted as expected from 
the CSCI questions on the study survey.  
 
Since the survey questions did not sort into the expected four sub-scores, factor analyses 
were run where the number of sub-scores extracted was restricted to only two or three 
sub-scores. Personal judgment and logical justification for the factors extracted is just as 
important to a factor analysis as are the mathematical justifications, if not more so; if 
there is no logical reason to group the questions, then no logical sub-score can be 
assigned (Gokhale et al., 2009). The two factor analysis yielded expected results: the 
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survey questions divided up between chemistry self-concept (with the exact same 
questions as before) in one sub-score and all other questions in the other sub-score. While 
this factor extraction left all questions not related to chemistry self-concept as mostly 
meaningless and only accounted for 40% of the total variance, it did verify that the 
chemistry self-concept questions were truly orthogonal to all of the other questions and 
were valid for further use; these questions could be used to calculate a student’s 
chemistry self-concept even if no other logical sub-scores were extracted from the 
survey.  
 
When the factor analysis was restricted to three sub-scores, it sorted much more logically 
than either the 2-sub-score analysis or the 4-sub-score analysis; no questions belonged to 
more than one sub-score (Table 2.6 and Table 2.7). As in each of the other factor 
analyses, chemistry self-concept questions sorted out into their own sub-score; its 
resulting reliability was high, with a Cronbach’s α = .892 (Table 2.3). The other two sub-
scores, on the other hand, made much more sense than they had either under the 2 or 4-
sub-score analyses. Any question with the word “academic” in it sorted out into sub-score 
7, which was labeled “academic self-concept.” This factor was a mixture of the original 
academic self-concept and academic enjoyment self-concept sub-scores from Bauer. The 
reliability of this new academic self-concept was high, with a Cronbach’s α = .877. 
 
The last sub-score was a mixture of the original creativity self-concept as well as three 
questions that had belonged to the original academic self-concept (questions 35, 46, and 
58) and two questions not included in the original CSCI analysis (questions 32 and 41). 
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The three questions that were originally classified as belonging to academic self-concept 
had two things in common: none of them used the word “academic” and all three of them 
had shown some loading with the Bauer’s original sub-score creativity self-concept as 
well as with academic self-concept. In the original paper, these questions' loading for 
creativity were between .34 and .38. They have much higher loadings with this new sub-
score (-.539 and .567). As a result, this new sub-score was labeled creative self-concept. 
This sub-score also has a relatively high reliability, with a Cronbach’s α = .789 (Table 
2.3). It should be noted that the CSCI was originally developed from the Self-Description 
Questionnaire III (SDQIII) (Marsh & O'Neill, 1984), which had a sub-score called 
problem-solving self-concept. While the decision was made to stick with Bauer’s creative 
self-concept label, it may also be thought of as a problem-solving self-concept. 
 
2.2.3. Instrument Reliability 
 
To determine the reliability of the survey instrument, Cronbach’s α was calculated for 
each of the sub-scores using SPSS 18. Only the questions that were to be included in the 
average of a given sub-score were chosen for each of the reliability calculations. 
Cronbach’s α measures the degree to which a set of items measure the same thing. In this 
case, it calculates the extent to which the survey questions measure the same underlying 
sub-score. The closer α is to 1, the more reliable the sub-score. The results can be seen in 
Table 2.3. Of all of the α’s, only one goes below 0.73, the factor related to the 
appropriateness of science and technology for women, at 0.672. Overall, the reliability of 
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the survey instrument has been improved over its source; both previous papers used 
factors that had an α lower than 0.68 (.627 in ATST and .62 in CSCI). 
 
 
 
Table 2.3: Reliability of each Sub-Score. 
Cronbach’s Alpha calculation of sub-score reliability shows how well each of the questions included in a 
given sub-score measure the same thing. The closer to one, the more reliably the question set measures the 
assigned sub-score. No weighting of the problems was used. The chart uses the abbreviations shown in 
Table 2.2 and shows the number (N) of survey questions that contribute to a given sub-score. 
Cronbach's 
Alpha
N of 
Questions
Sub-Score 1: GainSTKnowledge .851 9
Sub-Score 2: Benefit .739 7
Sub-Score 3: Concern .729 4
Sub-Score 4: ApproFemale .672 4
Sub-Score 5: EqualOpp .782 3
Sub-Score 6: ChemSC .892 10
Sub-Score 7: AcademicSC .877 10
Sub-Score 8: CreativeSC .789 8  
 
 
 
In order to properly calculate the α, the questions that had a negative loading (Table 2.4 - 
Table 2.7) had to be reversed (i.e., 7  1, 1  7, etc.). To understand this, look at these 
two questions contributing to the academic self-concept and their associated loading:  
• I have trouble with most academic subjects (-.589) 
• I’m good at most academic subjects (.653) 
Both contribute to the academic self-concept, but in opposite ways. Someone answering 
the survey truthfully could not answer positively to both of these questions. Remember, 
Cronbach’s α measures the degree to which a set of items measure the same thing. Thus, 
to calculate a meaningful sub-score where 7 is the highest possible self-concept and 1 is 
lowest possible self-concept, the scale for "I have trouble with most academic subjects" 
must be reversed. The same is true for all questions that have negative loadings in the 
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factor analysis. Any questions with negative loadings were reversed before being 
subjected to the reliability test. 
 
 
 
Table 2.4: Sub-Score Loading Chart Part 1.  
Shows questions 1-15 (Q1-Q15) of the survey and the sub-score(s) into which each of the questions load. 
Sub-score numbers correspond with the numbers and labels given in Table 2.2. The factor analysis was 
calculated using a principal component analysis run with Varimax rotation and Kaiser Normalization. 
Loadings below an absolute value of 0.45 are not shown. 
1 2 3 4 5
Q1: Science and technology are making our lives healthier,  
easier, and more comfortable.  .477    
Q2: Males tend to have more natural talent for science and  
technology than females have.    -.604  
Q3: In general, computers and factory automation will create 
more jobs than they eliminate.  .531    
Q4: It is important for me in my daily life to know about science. 
.568     
Q5: The same opportunities to succeed in technical fields are  
available to men and women.     .847
Q6: Science makes our way of life change too fast. 
  .722   
Q7: Because of science and technology, work will become more 
appealing.  .640    
Q8: Family-friendly environments are more available in science 
and technology occupations than others.  .580    
Q9: Technological discoveries will eventually destroy the Earth. 
  .662   
Q10: Science and technology courses make significant 
contributions to one’s education. .477     
Q11: The same opportunities to develop technical abilities are 
available to men and women.     .823
Q12: Because of science and technology, there will be more  
opportunities for the next generation.  .525    
Q13: Benefits from science research have outweighed the  
harmful results.  .493    
Q14: It is all right for women to have careers in science and 
technology.    .701  
Q15: People would do better by living a simpler life without so 
much technology.   .674   
 
Sub-Score
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Table 2.5: Sub-Score Loading Chart Part 2. 
Shows questions 16-30 (Q16-Q30) of the survey and the sub-score(s) into which each of the questions load. 
Sub-score numbers correspond with the numbers and labels given in Table 2.2. The factor analysis was 
calculated using a principal component analysis run with Varimax rotation and Kaiser Normalization. 
Loadings below an absolute value of 0.45 are not shown. 
1 2 3 4 5
Q16: Technological development creates an artificial and 
inhuman way of living.   .749   
Q17: The work environment faced by females in science and 
technology is the same as that faced by males.     .741
Q18: Most scientists want to work on things that will make life 
better for the average person.      
Q19: Women should be encouraged to pursue careers in 
science and technology.    .707  
Q20: Males rather than females should play leadership roles in 
science and technology.    -.718  
Q21: New inventions will always be found to counteract any 
harmful consequences of technological development.  .604    
Q22: Even if it brings no immediate benefits, scientific research 
should be supported by the federal government.      
Q23: I enjoy learning about new scientific discoveries and their 
effects on technology. .759     
Q24: I am well informed about new inventions and technologies.
.564     
Q25: I am interested in the application of science and 
technology to space exploration. .696     
Q26: I like to read about science, mathematics,  engineering, 
and technology. .766     
Q27: I like to watch science and nature shows on television. 
.725     
Q28: I have looked for information on science, technology, 
engineering, or mathematics topics on the internet. .762     
Q29: We should build a space station large enough to house 
scientific and manufacturing experiments. .551     
Q30: Women would be more successful in science and 
technology if they had a strong peer support system.      
 
Sub-Score
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Table 2.6: Sub-Score Loading Chart Part 3. 
Shows questions 31-45 (Q31-Q45) of the survey and the sub-score(s) into which each of the questions load. 
Sub-score numbers correspond with the numbers and labels given in Table 2.2. The factor analysis was 
calculated using a principal component analysis run with Varimax rotation and Kaiser Normalization. 
Loadings below an absolute value of 0.45 are not shown. 
6 7 8
Q31: I enjoy doing work for most academic subjects.  .670  
Q32: I am never able to think up answers to 
problems that haven’t already been figured out.   -.539
Q33: I have never been excited about chemistry. -.760   
Q34: I hate studying many academic subjects.  -.662  
Q35: I am good at combining ideas in ways that 
others have not tried.   .769
Q36: I participate confidently in discussions with 
school friends about chemical topics. .585   
Q37: I like most academic subjects.  .748  
Q38: I wish I had more imagination and originality.   -.469
Q39: I find chemistry concepts interesting and 
challenging. .612   
Q40: I have trouble with most academic subjects.  -.589  
Q41: I enjoy working out new ways of solving 
problems.   .597
Q42: When I run into chemical topics in my courses, 
I always do well on that part. .832   
Q43: I’m good at most academic subjects.  .654  
Q44: I would hesitate to enroll in courses that 
involve chemistry. -.749   
Q45: I’m not particularly interested in most 
academic subjects.  -.767  
 
Sub-Score
 
 
 
 
  
 
49 
 
 
 
 
 
Table 2.7: Sub-Score Loading Chart Part 4. 
Shows questions 46-59 (Q46-Q49) of the survey and the sub-score(s) into which each of the questions load. 
Sub-score numbers correspond with the numbers and labels given in Table 2.2. The factor analysis was 
calculated using a principal component analysis run with Varimax rotation and Kaiser Normalization. 
Loadings below an absolute value of 0.45 are not shown. 
6 7 8
Q46: I have a lot of intellectual curiosity.   .544
Q47: I am quite good at dealing with chemical ideas. .822   
Q48: I learn quickly in most academic subjects.  .480  
Q49: I am not very original in my ideas, thoughts, 
and actions.   -.487
Q50: Chemistry intimidates me. -.739   
Q51: I hate most academic subjects.  -.778  
Q52: I am an imaginative person.   .683
Q53: I have always had difficulty understanding 
arguments that require chemical knowledge. -.682   
Q54: I get good marks in most academic subjects.  .623  
Q55: I would have no interest in being an inventor.    
Q56: I have always done better in courses that 
involve chemistry than in most courses. .800   
Q57: I could never achieve academic honors, even 
if I worked harder.  -.483  
Q58: I can often see better ways of doing routine 
tasks.   .618
Q59: I have trouble understanding anything based 
on chemistry. -.612   
 
Sub-Score
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2.3. Online Resources 
2.3.1. OWL 
 
Online Web Learning, referred to almost exclusively by its acronym OWL, is an online 
homework product for chemistry instruction. It is provided by the Brooks/Cole imprint of 
Cengage Learning (formerly Thomson Learning), and access for students is packaged 
with the purchase of the course textbook used in CHEM 101 and 102. (Accessible 
through http://www.cengage.com/owl/)  
 
Each student was required to access OWL throughout each term of CHEM 101 and 102 
and complete various homework problems associated with the chemistry topic being 
discussed in class. OWL homework was mandatory and accounted for 10% of a student’s 
final course grade. However, a student could retry a given problem type as many times as 
needed until a correct answer was achieved within a given time window (two weeks); the 
grade for OWL was not intended to be diagnostic of learning but of complete studying. 
The homework problems were chosen by the course instructors, but the problems 
themselves were developed by the publishers of OWL. OWL itself provides a “bank” of 
questions for each topic so that students who repeat a problem do not see the same exact 
question twice. Minimal feedback (the correct answer and a hint) was given when a 
student got a question wrong. Since the bank of questions for a given problem is finite, it 
is possible that a student accessed the problem enough times to view the same question 
twice. Students were given two weeks to complete each OWL homework assignment, 
and during that time OWL problems could be accessed at any time a student wanted. 
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Since the entire dataset of OWL problems used during the term was too large and 
cumbersome to download, a sample of OWL problems were chosen to measure student 
usage. To choose these sample problems, the mid-term and final exams were examined to 
find topics where students, as a whole, performed either well all term, poorly all term, or 
showed significant improvement from mid-term to final. Two problems from each of the 
three categories were chosen based on exam performance, for a total of six problems in 
all: Bond Properties and Standard Molar Enthalpy (students performed poorly all term), 
Electronegativity and Lewis Dot Structures (students performed very well all term), and 
Calorimetry and Stoichiometry (students showed significant improvement during the 
term). All six problems chosen were assigned problems during the term; no optional 
problems (problems not assigned for a grade) were chosen because none were found that 
had a significant number of students who had attempted them. 
 
2.3.2. Blackboard Vista 
 
Blackboard Vista (Bb Vista) is the course management system (CMS) used by Drexel 
University for use by students and faculty. Originally called WebCT Vista, the company 
was purchased in 2006 by Blackboard, who continued to provide the Vista platform 
under the Bb Vista brand, which was in use during this study.  
 
Unlike OWL, students were not required to access Bb Vista for any grade-related 
activity. Bb Vista was managed by the instructors of CHEM 101, who posted various 
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files for students’ use, such as course announcements, lecture notes, and contact 
information. No graded homework was assigned through Bb Vista.  
 
Like OWL, the number of files and their access logs would have been too large to 
download and integrate efficiently. Access was also not evenly distributed amongst the 
different available files. It was decided to download the access logs for a sample of the 
various available files. The files chosen belonged to four general categories: contact 
information for the teachers, exam answers for the first mid-term exam (posted after the 
exam was graded), grading rubrics for the labs to be performed (lab 1 and 2 only), and 
lecture slides from the three lecturers in the course (four different lectures from each 
lecturer, for a total of twelve different lecture files).  
 
2.3.3. Monitoring of Online Activity 
 
The online activity of students was examined for OWL and Bb Vista during the Fall 2009 
CHEM 101 course. No online activity was examined during the Winter 2010 CHEM 102 
course.  
 
Both OWL and Bb Vista provided information on which students accessed which file(s), 
the time of each individual file access, and the time spent on that file. (Note: OWL 
problems were stored as individual files that students could access through the OWL 
interface.) From these data, Microsoft Access was used to calculate three variables that 
measured an individual student’s online activity. The number of accesses was calculated 
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by counting each unique file access for a variable labeled “Number of Times.” The total 
time spent with a file was calculated by adding up the time spent on each individual file 
for a variable labeled “Total Time,” and the variable “Average Time” was calculated by 
dividing the total time by the number of times accessed. These three usage variables were 
calculated for all OWL problems as a whole and for all Bb Vista files as a whole. The 
usage variables were also calculated for the three different chemistry performance 
categories in OWL (performed well all term, performed poorly all term, and showed 
great improvement) and for each of the individual OWL files, and were calculated 
separately for the different Bb Vista categories (contact info, exam answers, lab rubric, 
and lecture slides). 
 
Each of the variables used to measure online resource time was used to look at a different 
aspect of studying. Total time measures, obviously, the total amount of time a student 
invested in a given problem or file. The interest here is not the way a student divided up 
their time but on how much time was spent on a given topic over the course of the term. 
In contrast, the number of times a file was accessed shows how often a student went back 
to a given topic or file. High numbers would indicate repeated exposure, but carries no 
information on the time spent each viewing. The average time, however, does measure 
time spent during each viewing (by mean only), giving a measurement of whether each 
viewing was, on average, an in-depth interaction (high average) or a brief interaction 
(low average). All three variables are necessary for determining what may be underlying 
a given correlation. 
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2.3.4. Independence of Bb Vista and OWL Activities 
 
It was important to know whether or not monitoring Bb Vista usage and OWL usage was 
monitoring the same action or two independent actions. On the surface, of course, both 
systems were clearly different – one was required homework, the other a repository of 
course information. The required versus voluntary aspect should have made these two 
systems different. However, use of one could be driven by the same underlying factor, 
such as the desire to get a good grade. To see whether the above six variables (total time, 
average time, and number of accesses for OWL and Bb Vista) were measuring the same 
behavior or different behaviors, a principal component analysis, with Varimax rotation 
and Kaiser Normalization, was run on all six of the variables (Table 2.8); sub-scores were 
extracted for any component with an eigenvalue greater than 1 (the default assumption 
for most factor analyses).  
 
 
 
Table 2.8: Principal Component Analysis of Online Activity.  
Principal component analysis was run with Varimax rotation and Kaiser Normalization. Loadings below an 
absolute value of 0.45 are not shown. 
1 2 3
OWL Number of Times   .936
Bb Vista Number of Times .611   
OWL Total Time  .885  
Bb Vista Total Time .940   
OWL Average Time  .949  
Bb Vista Average Time .729   
 
Sub-Score
 
 
 
 
The principal component analysis clearly shows that there is no relationship between 
OWL usage and Bb Vista usage, and thus the two data groups measure two different, 
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orthogonal behaviors. In fact, it appears as though all Bb Vista usage statistics point to 
the same underlying behavior, while the number of times OWL is accessed is driven by a 
different factor than the total time or average time spent. This does not, however, mean 
that the three Bb Vista measurements show exactly the same thing. Keep in mind, it was 
already known that they were related as they were all calculated from the same raw data; 
they are likely to show similar behaviors. However, just like the two-factor analysis run 
on the CSCI portion of the survey, variables grouped under one factor do not necessarily 
make logical sense together (like the non-Chemistry Self-Concept factor). Just because 
the analysis shows they are related does not mean that they should be considered together 
without some justification. The important fact here is that the OWL usage and Bb Vista 
usage are grouped separately from each other, justifying the initial assumption that 
required online homework and optional online materials have different underlying 
motivations for use. 
 
2.4. Analysis Methods 
2.4.1. Tools 
 
Three software packages were used for the analysis of the data: SPSS 18, Microsoft 
Access, and Microsoft Excel. Microsoft Access 2007 was used to store the data, link the 
various records of each student, and perform simple SQL queries to organize the data for 
output into SPSS. A Visual Basic for Applications (VBA) program was written to 
calculate the sub-scores for each student according to the results of the factor analysis 
(Table 2.4 through Table 2.7). Microsoft Excel was used to interface SPSS and Access 
and for output and visualization. 
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The statistics package used was SPSS 18, from IBM. All statistical methods mentioned in 
this thesis were calculated through SPSS, except for some simple arithmetic means. Any 
error calculations or confidence intervals were calculated through SPSS. Though papers 
concerning SPSS’s accuracy with various statistical methods could not be found, the 
package has been around in some form since 1968 and used extensively by many 
different researchers in many different fields, including many authors referenced in this 
thesis (Wikipedia Contributors, 2011). While it may not publish papers on its own 
validity, it uses well-established statistical methods that are published separately, many of 
which were in existence long before SPSS.  
 
2.4.2. Terminology 
 
Significance: The minimum level of significance in this thesis is set at the traditional 
level set by Pearson: the 95% confidence level. At minimum, there must be less than a 
5% chance that the effect being reported was encountered at random, i.e., a Type I error 
(false positive). This will be reported as p < .05 (a probability of less than 5% that this 
was a random occurrence). When the effect is even more certain, this will also be 
reported. Confidence levels of 99% (p < .01), 99.9% (p < .001), and 99.99% (p < .0001) 
are all reported in this thesis when the observed statistics meet that level of confidence. 
Unless otherwise noted, all non-significant results (p > .05) will be italicized in any of the 
tables or figures. (Field, 2009, pp. 166-196) 
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Confidence Interval: Related to significance, this is the probability of finding a specified 
value within that interval. For example, a 95% confidence interval for the mean says that 
the true mean (mean of the general population) has a 95% chance of lying within the 
range delimited by the interval. All error bars shown in this thesis are calculated using the 
95% confidence interval, unless otherwise noted. 
 
One-tailed and two-tailed tests: These tests are the method by which significance is 
calculated. Their difference lies in the fact that hypotheses can either be directional (it is 
supposed that when a student studies more, that student will get higher grades) or non-
directional (it is supposed that a student’s study time is related to their grades). One-tailed 
tests are used when a direction is assumed in a hypothesis and increase the probability of 
finding a significant results at the expense of finding a significant result in the opposite 
direction. Two-tailed tests make no assumption about directionality, and thus do not 
reject significant relationships found because the direction of that relationship was not 
predicted. 
 
Mathematically, the difference between one and two-tailed tests is simple. If a 95% 
significance is being calculated, a one-tailed test will see if the result lies within the top 
(or bottom depending on the prediction) 5% of the theoretical normal curve (Figure 2.1), 
but ignore the other end of the curve. A two-tailed test, however, will consider whether 
the result lies in the 2.5% at both ends of the curve (top and bottom), for a total of 5% of 
the range. As a result, one-tailed significance is always half that of two-tailed 
significance, and the two-tailed test is always the more stringent of the two. Because no 
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predictions about the direction of the correlations were made prior to running the 
correlations, all significance levels in this study are calculated as two-tailed. 
 
Familywise Error: As each calculation has its own error associated with it, combining 
multiple calculations to derive further calculated values propagates the error associated 
with the calculations. This is known as familywise error. If three t-tests (see below) are 
run and are calculated at 95% to be certain that no Type I error has occurred, the overall, 
or family, chance that a Type I error has occurred is (.95)3, or 85.7%. There is now a 
14.3% chance that the difference observed has happened by chance.  
 
Effect Size: Not all significant statistical results have a large effect size. While 
significance and the size of the measured effect can be related, they need not be. Medium 
or small effects can be reliably and significantly measured given a large enough sample 
size. If an influence is small, but is observed consistently over a large number of samples, 
that small influence can be said to be significant without having a large effect. This is 
especially true with attitudes, which research has shown can affect a person’s actions, but 
usually in an indirect manner (Ajzen, 2002). In such cases, given a large enough sample, 
one would expect to see a small effect size but a highly significant result. 
 
Interval Variable: An interval variable is a variable that is continuous and the intervals 
between each possible value for the variable must scale (the space between two and four 
must be equivalent to the space between six and eight). Even though the survey only 
allowed for a finite number of responses, the resulting sub-scores can be considered 
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reasonably interval for evaluation, much the way that quantized energy becomes 
“continuous” when enough energy levels are close to each other. The measurement of 
online activity generates variables that are interval. Letter grades are not interval, as the 
space between a B and B+ is not necessarily the same as between a C and C+; these are 
considered categorical. However, the percentage grades calculated prior to the 
assignment of letter grades are interval. 
 
A number of abbreviations are used throughout the text to save space and communicate 
more efficiently. Table 2.2 shows abbreviations for each of the sub-scores, and Table 2.9 
shows the other abbreviations used. 
 
 
 
Table 2.9: A List of Abbreviations Used in This Thesis 
Abbreviation Definition 
σ, 1 σ, 2 σ 
Sigma (σ) is the symbol for standard deviation; 1σ 
represents a population that is within one standard 
deviation of the mean. The population within ±1σ of the 
mean is approximately 68% of the total population; ±2σ 
covers 95.4% of the total population. 
S1, S2, S3 Surveys 1, 2, and 3, respectively 
Δ12, Δ23  
Delta (Δ) notation here is used to denote the change 
between a sub-score from one survey to the next.  
Δ12 chemistry self-concept would indicate the change in 
chemistry self-concept from S1 to S2. 
p 
Probability; p < .05 means a probability of some event 
occurring by chance (or coincidence) is less than 5%. 
N 
Population of a given sample; N designates the Number 
of samples used in a given calculation. 
r, rs 
The Pearson correlation coefficient and the Spearman 
correlation coefficient (Spearman’s Rho). respectively 
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2.4.3. Normality and Parametric Tests 
 
Normally distributed data conform to the “normal distribution,” which is a distribution 
perfectly symmetrical about the mean of the data and has a skew of zero and a kurtosis of 
zero. A normal distribution results in a “bell curve” (Figure 2.1). Parametric tests, such as 
ANOVA, Pearson’s correlation, and linear regression, rely on four basic assumptions: 
normally distributed data (or nearly normal), all variance between groups to be 
homogeneous, interval data (data that are essentially continuous and occur at meaningful 
intervals), and independence of variables (this can vary with a given test). Most tests 
available in SPSS are parametric tests, with a few notable exceptions (Field, 2009, pp. 
132-139). 
 
 
 
 
Figure 2.1: Normal Distribution ("Bell Curve").  
The percent of the total population in each standard deviation (σ) is shown (Wikipedia Contributors, 2011). 
µ is the mean of the distribution. 
 
 
 
However, the data collected from the survey do not appear to conform well to a normal 
distribution. See, for example, Figure 2.2, which shows the distribution of scores for 
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students on the sub-score interest in gaining science and technology knowledge. The 
scale ranges from one to five, and the mean would be expected around three; the 
calculated mean is almost four. This, however, does not disqualify it from being a normal 
distribution. As stated, its shape should closely mimic the ideal “bell curve,” which is 
superimposed on the image. Notice how there is quite a bit of deviation from the curve, 
especially weighting answers towards the high end of the scale (skew). In fact, the skew 
is measured at -.201 (negative skews are a shift to the right of the mean). This is just an 
example of the skewed data that were found in this study. The result, however, is not 
unexpected. Drexel University, and this course in particular, have a high number of 
students interested in scientific or technical fields, such as engineering. It is expected that 
a survey of this group of students would result in a higher-than-usual desire for 
technological knowledge, academic self-concept, etc. In short, it is expected to see the 
values crowd towards the high end. 
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Figure 2.2: Histogram Showing the Distribution of the Sub-Score Interest in Gaining Science and 
Technology Knowledge. The data represented are for students’ responses on survey 1 only.  
 
 
 
The lack of normal data does not prevent proper statistical evaluation. A number of non-
parametric tests are also available through SPSS and mimic the results of their parametric 
counterparts. To measure the correlations between variables, for example, a non-
parametric correlation method, Spearman’s Rho (aka Spearman’s correlation coefficient, 
rs) was chosen to calculate correlations between the various measured variables, since the 
data to be evaluated were shown to be significantly different from a normal distribution. 
The parametric equivalent is Pearson’s correlation coefficient, r (its square, r2, is 
frequently used as a measure of fit for linear regression). ANOVA is considered to be a 
robust test, or a parametric test that can still provide good statistical data if some of the 
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parametric assumptions are broken; specifically it can function without normally 
distributed data. (It does, however, fail if the variances are not homogeneous.) 
 
2.4.4. Correlations 
 
The primary method of analysis used in this study is Spearman’s Rho; also known as 
Spearman’s correlation coefficient, rs. Correlations are run between two variables to see 
how much one variable varies with the other. Interval variables must be used for at least 
one of the two variables in the correlation. If both variables are interval, then the result is 
how well a line can be fit if the two variables were plotted on an x-y scatterplot. The r2 
(sometimes written R2) value for the fit of a line is, in fact, the square of Pearson’s 
correlation coefficient, r. The other possible correlation is a point-biserial correlation. 
This occurs when one of the two variables is a discrete dichotomy. For this study, the 
only variable that was a discrete dichotomy was gender; only two options were provided 
by Drexel University. 
 
The output of a correlation has three numbers: N (how many pairs of variables were 
considered in the correlation), rs (the correlation coefficient), and significance (p). The 
sign for rs can be either positive or negative, indicating a positive or negative correlation. 
Positive correlations are observed when both variables vary in the same direction (e.g., 
when one increases, the other increases); negative correlations are observed when there is 
an inverse relationship between the variables. The significance (two-tailed) is reported as 
a decimal between 0 and 1. P is the probability that the correlation observed occurred at 
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random and was not a real correlation (Type I error). The lower the number, the less 
probable it is that the correlation observed was random and thus the greater the 
significance of that correlation. For example, p < .001 means that there was less than a 
0.1% chance that the correlation was random, which is more significant than p < .05, 
where there is a 5% chance the correlation observed was only random. The sign of the 
correlation is irrelevant for point-biserial correlations (the correlation points towards one 
of the two options in the dichotomous variable). 
 
As mentioned above, Spearman’s correlation coefficient is the non-parametric version of 
Pearson’s correlation coefficient (they use the same formula for calculation after the data 
are ranked for Spearman’s correlation), which means the results can be interpreted in 
essentially the same manner. Effect size is easily calculated, as the correlation coefficient 
is, in fact, an effect size itself: the larger the correlation coefficient, the larger the effect 
size (Field, 2009, p. 192). For both Spearman’s Rho (rs) and Pearson’s correlation 
coefficient (r), the amount of the total variance that is accounted for by the observed 
correlation is equal to the coefficient squared (rs2 or r2). Strictly speaking, rs2 calculates 
the amount of variance between the ranks, but is generally very close to r2. 
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2.4.5. Comparing Means 
 
When comparing means, two types of tests were used: t-test and ANOVA. Both tests are 
used to see if there is a significant difference between means of different groups; t-tests 
ask the question, “Do the means of these two different groups differ significantly,” while 
ANOVA asks, “Is at least one of the means significantly different from the other means?” 
T-tests only compare two groups at a time; ANOVA compares two or more groups at the 
same time. To avoid familywise error propagation, ANOVA was used for groups larger 
than two.  
 
ANOVA is considered to be a robust test, so it can produce reliable results when the data 
are not normally distributed. However, ANOVA still has problems if the variance 
between groups is not homogeneous. To test whether the assumption of equal variance 
between groups was violated, Levine’s Test (of the homogeneity of variance) was run. If 
Levine’s Test proved to be significant (i.e., the variance in each group was not equal), a 
basic assumption of ANOVA was violated, and a robust test for the equality of means, 
Welch’s F, was used instead. Welch’s F is a non-parametric equivalent to ANOVA and 
can be interpreted in the same way. 
 
With either ANOVA or Welch’s F, the only thing that can be determined is if one of the 
means is significantly different from the others; a significant result does not say which 
mean (or means) is/are different. To determine which mean, if any, differed from the 
others, post-hoc tests were run that compared each sub-group mean with the others. 
Instead of running multiple t-tests, these tests control for the familywise error rate, 
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though they can be a bit conservative (i.e., they err on the side of producing false 
negatives, rather than false positives). For means where the assumption of equal variance 
wasn’t violated, Hochberg’s GT2 and Gabriel’s pairwise tests were used. These tests 
were designed to handle large differences in group size, which is the case for most of the 
study data. In each case, both the GT2 and Gabriel’s test showed the same result, so only 
Gabriel’s pairwise test was reported. In the case when variances were not equal, the 
Games-Howell pairwise test was used (a non-parametric post-hoc test), which is powerful 
even when the group sizes are different. The tests output the F statistic (a measurement of 
how different the means are), the degrees of freedom, and the significance of the 
difference between means. For the post-hoc tests, the output is basically the significance 
of the difference between two individual means. Interpretation of ANOVA is essentially 
looking at significance to see if one or more means are significantly different from the 
other means (Field, 2009, pp. 347-394). 
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Chapter 3. POPULATION CHARACTERIZATION 
3.1. Introduction 
3.1.1. The Course 
 
The students for this study were enrolled in the Drexel University CHEM 101 Fall 2009 
course. Of the 977 who completed the fall term, 870 gave their permission to be used in 
the study; 709 of those completed the first survey and were analyzed in this chapter.  
 
The population of this study consists of the 709 students who were enrolled in CHEM 
101 and who filled out the initial survey (S1) on attitudes towards science and technology 
and student self-concept, as described in Chapter 2. The class consisted of five lecture 
sections, which were covered by three different lecturers. Each student was required to 
complete four laboratory experiments during the term, attend two hours of lecture and a 
one-hour recitation section each week, and complete assigned online homework (about 
every two weeks). Each assignment was graded and combined with the results of three 
mid-term exams and a final exam to calculate a student’s final grade. The term was ten 
weeks long (one quarter).  
 
3.1.2. The Instrument 
 
The survey instrument used for this study was comprised of two separate surveys: the 
Attitudes towards Science and Technology Survey (ATST or A-ST) (Gohkale et al., 
2009) and the Chemistry Self-Concept Inventory (CSCI) (Bauer, 2005). All 30 questions 
of the ATST survey were used, but only 29 of the original 40 questions on the CSCI were 
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used. In all, eight sub-scores were extracted from the 59 questions of the survey, though 
only five of them are discussed in this chapter: interest in gaining science and technology 
knowledge, the belief that technology is beneficial to mankind, and three student self-
concepts (chemistry, academic, and creative). The abbreviations for each of the sub-
scores can be found in Table 3.1. The modified instrument was validated for this study; 
see Chapter 2 for a discussion of the survey validation and calculation of each sub-score. 
 
 
 
Table 3.1: Sub-Score Labels and Their Abbreviations. 
Factors 1-5 are from the ATST (Gohkale et al., 2009); Factors 6-8 are from the CSCI (Bauer, 2005). The 
label shows the full name for the given sub-score; the abbreviations are used only when space is limited. 
Sub-scores 3, 4, and 5 were not used in this study. 
Sub-Score Label Abbreviation
Sub-Score 1:
Interest in gaining science and 
technology knowledge
[GainSTKnowledge]
Sub-Score 2:
Science and technology are beneficial 
to mankind
[Benefit]
Sub-Score 3:
Concern that science and technology 
are dangerous to human-kind
[Concern]
Sub-Score 4:
Appropriateness of science and 
technology for women
[ApproFemale]
Sub-Score 5:
Men and women have equal 
opportunity in science and technology
[EqualOpp]
Sub-Score 6: Chemistry Self-Concept ChemSC
Sub-Score 7: Academic Self-Concept AcademicSC
Sub-Score 8: Creative Self-Concept CreativeSC
 
 
 
 
3.1.3. Analysis 
 
The primary method of analysis used in this chapter was analysis of variance, either the 
traditional ANOVA test or Welch’s F. To avoid familywise error propagation, ANOVA 
and Welch’s F were used to compare the means of more than two groups of students. 
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Welch’s F is a non-parametric equivalent to ANOVA and was used when the mean 
comparisons in this chapter violated the ANOVA assumption that the variance in each 
group was equal. The results of Welch’s F can be interpreted in the same way as 
ANOVA. To determine which mean, if any, differed from the others, post-hoc tests were 
run that compared each sub-group mean with the others. See Chapter 2 for a description 
of the post-hoc tests used; results were reported as significant differences between 
various groups. 
 
3.1.4. The Population 
 
Table 3.2 shows the number of women and men who filled out at the first survey (S1) and 
gave their permission to be in the study. The total number of students was 709, 68% of 
whom were men (N=481). Population counts for subsequent analyses usually do not total 
to 709, as some students are excluded for not meeting the criteria for a given analysis 
(e.g., only partially completed the first survey, did not access the course website, etc.).  
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Table 3.2: Breakdown of All Students Who Completed Survey 1 (S1). 
Only students who completed survey 1 were included in the numbers for this table. The first column lists 
the categories of majors. The population count columns give the absolute numbers of students in each 
major, and the percent by gender columns calculate the distribution of students as a percentage of their 
gender. 
Women Men Women Men
Total 228 481 100% 100%
Engineering More Chemistry 60 84 26% 17%
Engineering No More Chemistry 34 254 15% 53%
Health Sciences 42 6 18% 1%
Liberal Arts 11 9 5% 2%
Sciences 72 79 32% 16%
Still Deciding 9 49 4% 10%
Population Count Percent by Gender
 
 
 
 
Since the number of individual majors for these students was large (33), they were 
grouped into categories based on course selections typical to completing the given major, 
which yielded five categories for majors and one category of students “still deciding.” 
Engineers were broken down into two different groups, depending on whether their 
studies would require chemistry beyond CHEM 101 and 102 or not. For example, 
chemical, biomedical, and materials engineers were grouped into “Engineering More 
Chemistry,” while mechanical, computer, and electrical engineers were grouped into 
“Engineering No More Chemistry.” “Liberal Arts” students were those who reported 
majors that were neither engineering nor physical science based. Biology, chemistry, and 
physics were the primary components of the “Sciences.”  
 
For all majors, there were more men than women, except for health sciences. Table 3.2 
shows the actual count of students broken down by gender and percentages within the 
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gender. Looking at the percentages, some obvious differences between choices in major 
can be seen. 26% of women were enrolled in an engineering discipline where more 
chemistry would be required, compared with only 17% of men. However, 53% of all men 
were enrolled in engineering disciplines that require no more chemistry, compared with 
only 15% of women. In all, engineers accounted for only 41% of the women (N=94) but 
70% of the men (N=338). 32% of women chose to go into science (primarily biology), 
while only 16% of men chose the same. Health sciences were almost totally women; only 
6 men were listed as health science majors. Men, however, were much more likely to be 
undecided than were the women. These distributions approximate what is seen nationally. 
According to a recently released study, women comprise the majority (>85% of all 
students in the major) of education and health-related majors, while men dominate the 
engineering fields (Carnevale et al., 2011). Chemical engineering was one of the few 
engineering fields where women had any strong presence (23% of chemical engineers). 
The census only looked at final college major and had no data on first-year students who 
were undecided. 
 
3.1.5. Groupings 
 
In order to get a more comprehensible picture of the population being studied, the 
students were broken up into groups based on their initial responses to the survey and 
their usage of online resources. A primary goal of this effort was to help teachers identify 
students in need of help while intervention is still possible. Grouping of students also 
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helped identify any potential trends in the data for further study; the groups could then be 
used as a control to segment the student population and find deeper trends. 
 
The first groupings were based on students’ initial attitudes and self-concepts. Sub-scores 
1 & 2 (Table 3.1) for attitude and the three self-concept sub-scores were used as criteria 
for dividing the students. Each sub-score was divided into four categories, split by the 
standard deviation (one standard deviation = 1σ) of that given sub-score. The first two 
groups were within 1σ of the mean (labeled “above average” and “below average”); the 
second two groups were greater than 1σ away from the mean (labeled “started high” and 
“started low”). Again, all groups were split based on their responses to the initial survey 
(S1).  
 
Groupings based on the attitude and self-concept sub-scores were based on standard 
deviations relative to the mean, and thus on an approximation of the bell curve (see 
Chapter 2). While the data were skewed and not necessarily close enough to normal to 
justify the use of parametric tests, they gave divisions that yielded approximately 34% of 
the population for each of the groups within 1σ and 16% for each of the groups beyond 
1σ. The groupings could be said to represent a logical division into four distinct groups.  
 
However, dividing up the students based on their online usage could not be done using 
standard deviations about the mean; the justification used above did not apply. While the 
attitudinal distributions approximated a bell curve, the online usage did not; the online 
usage distribution relative to the mean looked most like a Poisson distribution. Another 
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justification was needed to create groups. In this case, separating the students into groups 
of equal numbers of students was chosen as a method – it made the cut points start out 
close together (where the bulk of the student activity was) and spread further apart the 
further they got from zero. It had the added benefit of making the distribution between 
groups equal, which made certain calculations easier and more reliable. The result was 
that for each of the online usage measurements (6 in all), four groupings were made: 
lowest, low, high, and highest; as with the other groupings, the numerical value of the cut 
point is printed along with the label. 
 
3.1.6. Grades and Learning 
 
Student learning is an important metric of this study. Measurement of learning can take 
many forms and no form is without its benefits or its problems. Independent standardized 
tests can be used, but that would require extra work on the part of the students and the 
instructors, for which there may not be time in a given course. Individual in-term exams 
would give data on learning, but would suffer from the problem that different concepts 
were tested in each exam, which could skew results on a given exam depending on 
students’ understanding of certain subjects. In the end, the final grades for students were 
chosen as the measure for student achievement, acting as an approximation of student 
learning. While final grades lack high resolution, as they are a composite measure of 
learning over the entire term, final grades incorporate data from many different parts of 
the course (e.g., understanding of individual chemistry concepts, student effort, 
laboratory skill, etc.) , which gives it greater power and reliability. They do not, however, 
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give a measurement of long-term learning, which would require a longitudinal study 
(such a method was not part of this study’s design). In the same way, final grades could 
be said to represent student achievement. It is possible that some students may learn very 
little in the course, having entered the course with most or all of the information 
necessary to perform well on exams. These students would still register as high 
achieving. It is probably not an either-or situation – final grades represent both learning 
and achievement and should be thought of as representing both in both students’ and 
teachers’ minds.  
 
Similarly, activity on OWL may be considered to be a proxy for student homework 
habits. While the purpose of this study was not to prove the relationship between online 
resource use and a student’s total study behavior, data suggest that “traditional” paper-
and-pencil homework and online homework are approached in the same way by students 
(Bonham et al., 2003). This would suggest that tracking of online homework (OWL) 
would correspond closely with a student’s normal homework practices. Similarly, Bb 
Vista access can be thought of as an approximation of how students choose to study 
outside of their assigned homework. While this study was not designed to test these 
theories, it is additional information that can be considered while looking at online 
resource usage. 
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3.2. Comparing Men and Women 
3.2.1. Grades, Achievement, and Learning 
 
To make sure that all students had equal opportunity in the class, it was important to see 
if there were any observable differences between the achievement of men and women in 
the course. The mean difference between the two groups was only 0.6 percentage points, 
with the women’s scores slightly lower than that of the men (Figure 3.1). In the winter 
term, women had a grade about 1 percentage point higher than men. However, an 
independent samples t-test showed no significant difference between the men and 
women’s achievement at the 95% confidence level for either term. The only conclusions 
to be drawn here were that men and women both performed equally well in the course 
and that there was no measurable grading bias based on gender; both welcome 
conclusions. 
 
 
 
 
Figure 3.1: Comparison of Men’s and Women’s Final Fall Grades in CHEM 101.  
Error bars represent the 95% confidence interval for the mean of each group. An independent samples t-test 
showed no significant difference at the 95% confidence level. 
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3.2.2. Online Activity 
 
Since men and women fared equally well in the course, it would be easy to assume that 
their study habits were roughly equal, as well. However, the total time women spent on 
either OWL or Bb Vista was significantly higher than that of men (Figure 3.2, Table 3.3). 
This matches with a study done across 29 U.S. college campuses (with more than 7,000 
students in the study: men use the internet more than women, but women use the internet 
more frequently for research and studying than do men (Jones et al., 2009). The 
difference in time spent on OWL was particularly significant; the chance of a false 
positive, showing a difference where none existed (i.e., Type I error), was less than 
0.01%. In all, women spent 12 (±6) minutes more, on average, on the six chosen OWL 
problems than men did and 11 (±8) minutes more accessing the chosen Bb Vista files. 
(OWL problems were chosen to cover a range of chemistry topics and a range of student 
performance: problems where students did well, problems where they did poorly, and 
problems where they improved during the course. Bb Vista files were chosen to represent 
the range of files available to students during the course.) 
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Figure 3.2: Differences Between Gender in Total Time Spent Online in CHEM 101.  
Each bar represents the mean total time spent viewing the selected files (in seconds) on Bb Vista and OWL. 
Error bars represent the 95% confidence interval for each mean. Viewing time is separated by gender. 
Viewing time for OWL problems is the sum of six different OWL problems. 
 
 
 
There were other significant differences between online resource utilization, as well. 
Women visited Bb Vista more often than did the men, and women spent more time than 
men per OWL problem (Table 3.3). In fact, the pattern continued for those differences 
that were not shown to be significant. In all six measures of online activity for OWL and 
Bb Vista, women used the online resources more than men. Furthermore, women had a 
significantly higher average OWL score (2.3 percentage points) than did the men. Most 
likely this was due to the extra time that the women spent on OWL problems, most likely 
intent on completing the problems and getting full credit. 
 
When compared with the non-significant difference between final grades, these results 
seem to show that increased time spent studying is not a direct predictor of student 
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performance in a chemistry course. However, that assertion presupposes that this is a 
complete view of student studying. First, the data collected only show what students did 
while online. If a student downloaded a file from Bb Vista and viewed it offline (or in 
print format), there would be no record of that time spent. We also do not know what 
portion of time students spent with the online material versus their written paper-and-
pencil homework that was assigned for each recitation section. Also, in subsequent 
chapters, it will be shown that there are correlations between time spent studying and 
student learning, but the relationship isn’t as straight forward as “more studying results in 
more learning.”  
 
 
 
Table 3.3: t-Test for Comparison of Men's and Women's Final Grades and Online Activity. 
t-Test results comparing women and men’s final grades in the first term (fall) and the second term (winter), 
final OWL grade for the fall term, and online activity in CHEM 101. Items in italics are non-significant t-
test results; items in bold were significant at the 95% confidence level or better. Variances were assumed to 
be equal for all tests except final OWL grades, Bb Vista number of times accessed, and Bb Vista total time. 
Women Men F Sig. t df Sig.
92.6 90.3 7.064 .008 2.244 592.5 .025
80.6 81.2 1.083 .298 -.687 724 .492
79.1 77.9 .009 .925 1.249 727 .212
Number of Times 36 34 .037 .848 1.370 724 .171
Total Time (s) 4422 3726 .002 .965 3.550 724 .0004
Average Time (s) 130 116 .355 .551 2.790 724 .005
Number of Times 19 16 10.665 .001 2.839 346.1 .005
Total Time (s) 2388 1760 8.163 .004 2.628 359.5 .009
Average Time (s) 122 115 .442 .506 .627 707 .531
t-test for Equality of Means
Final Fall Grade
Final Winter Grade
OWL
Bb Vista
Means
Levene's Test for 
Equality of 
Fall OWL Grade
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3.3. Comparing Majors 
3.3.1. Grades, Achievement, and Learning 
 
Unlike gender, students in different majors had significantly different final grades 
(ANOVA results: F(5,720) = 4.192, p < .001). A post-hoc analysis of the final mean 
grades found a significant difference (at the 95% confidence level) between engineers 
who will not be taking further chemistry courses and engineers who will take more 
chemistry in their college coursework (Figure 3.3). Those engineers who will take more 
chemistry were also significantly different from health science majors. No other majors 
were found to be significantly different from the other majors. It was not unexpected that 
students in the health sciences and engineers who would not be taking further chemistry 
did not perform as well as the other students in the course These majors consisted of 
students who knew that they would not be taking any more chemistry (apart from CHEM 
102). As a result, their motivation to learn chemistry was expected to be much lower than 
that of the science majors or engineers taking more chemistry, which, according to the 
Theory of Planned Behavior, should result in poorer performance.  
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Figure 3.3: Comparison of Final Fall Grades (CHEM 101) by Major. 
Error bars represent the 95% confidence interval. Engineering was divided into majors requiring more 
chemistry classes beyond CHEM 101 and 102 and those that require no more chemistry after CHEM 102. 
The thick lines at the top of the figure show which groups are significantly different from each other 
according to post-hoc tests. Groups under the same line are not significantly different from others under the 
same line. 
 
 
 
3.3.2. Online Activity 
 
Online activity was measured by the number of times students accessed files online, the 
total time spent viewing those files, and the average time spent viewing each file. 
Between all of the different majors, only one of those measures of online activity showed 
any difference at all: the number of times students in a major accessed Bb Vista (Welch’s 
F(5,138.2) = 3.918, p < .01, Figure 3.4). Here, unlike the final grades, the significant 
differences were between the engineers and the non-engineers, specifically science 
majors. Post-hoc analysis showed that engineers of all types accessed Bb Vista 
significantly fewer times than did science majors; Figure 3.4 shows that liberal arts and 
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health science majors also accessed Bb Vista more often than engineers, though not at the 
95% significant level as measured by post-hoc tests. Non-engineers accessed Bb Vista 
~33% more frequently than did the engineers. This difference in accesses was not seen 
with the required homework (OWL), which implies different attitudes between engineers 
and non-engineers with regards to optional study materials available on the course 
website.  
 
 
 
 
Figure 3.4: Comparison of the Number of Bb Vista Accesses. 
Error bars represent the 95% confidence interval. Engineering was divided into majors requiring more 
chemistry classes beyond CHEM 101 and 102 and those that require no more chemistry after CHEM 102. 
The thick lines at the top of the figure show which groups are significantly different from each other 
according to post-hoc tests. Groups under the same line are not significantly different from others under the 
same line. 
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(according to final grades). The intersection of those two groups would suggest that 
students who had not declared a major upon entering Drexel University would most 
likely end up as an engineer, especially one likely to encounter more chemistry classes. 
Though following up on that observation is beyond the scope of this study, it would be of 
interest in future work. 
 
3.4. Incoming Attitudes 
3.4.1. Grades, Achievement, and Learning 
 
ANOVA analyses showed that there were significant differences between students 
grouped by their initial attitudes (as measured by Survey 1): desire to gain science and 
technology knowledge (Figure 3.5) ([GainSTKnowledge]) and their initial belief that 
science is beneficial to mankind (Figure 3.6) ([Benefit]). When students were grouped by 
either of the above attitudes, the resulting four groups of students were found to have 
significant differences between groups at the 95% confidence level and grouping by 
[GainSTKnowledge] or [Benefit] had an almost identical value of F (F(3,705) = 3.509). 
While the near-identical ANOVA result was coincidental, it does mean that both methods 
of grouping students ([GainSTKnowledge] or [Benefit]) showed significant differences in 
average final fall grades between students (intra-grouping). Both groupings showed 
similar patterns of increasing grades with higher initial attitude, though the patterns were 
not identical.  
 
As can be seen in Figure 3.5, the trend of increasing grades increasing with higher initial 
attitude topped out at the above-average group and stayed essentially constant for the 
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highest group, where the error bar widens considerably. The post-hoc tests only show 
significant differences between lowest initial attitudes and students who started above 
average; students who started below-average or with the highest desire to gain science 
and technology knowledge were not shown to be significantly different from the other 
groups. While these data did show a significant difference in final grades, the difference 
between the highest and lowest grade average was less than 4 percentage points.  
 
 
 
 
Figure 3.5: Comparison of Final Fall Grades as Grouped by Initial Desire to Gain Science and 
Technology Knowledge. Students were sorted into groups based on their sub-score for their initial desire 
for science knowledge, which was measured by a survey at the beginning of CHEM 101. Ranges for the 
sub-score are found on the x-axis. Error bars represent the 95% confidence interval. The thick lines at the 
top of the figure show which groups are significantly different from each other according to post-hoc tests. 
Groups under the same line are not significantly different from others under the same line. 
 
 
 
In Figure 3.6, the data showed that those who started with a high belief that technology is 
beneficial performed better than their peers in CHEM 101. Post-hoc tests showed the 
highest group (sub-score greater than 3.97) was significantly different from the lowest 
two groups (below-average and lowest). This analysis also showed students with the 
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highest belief that technology is beneficial to be different from students who started 
above-average; the significance of this difference was just shy of the 95% confidence 
level (p = .0507). There were no significant differences between the other three groups.  
 
 
 
 
Figure 3.6: Comparison of Final Fall Grades as Grouped by Initial Belief that Technology is 
Beneficial to Mankind. Students were sorted into groups based on their sub-score for their initial belief 
that technology is beneficial, which was measured by a survey at the beginning of CHEM 101. Ranges for 
the sub-score are found on the x-axis. Error bars represent the 95% confidence interval. The thick lines at 
the top of the figure show which groups are significantly different from each other according to post-hoc 
tests. Groups under the same line are not significantly different from others under the same line. 
 
 
 
There is a clear difference between the performance of students when the students are 
grouped by their initial attitudes towards science and technology. What is most clear is 
that students who viewed technology as beneficial performed the best in the course. What 
cannot be determined from this analysis is why those students performed better than the 
other students, though certain reasons suggest themselves. Looking at students’ desire to 
gain science and technology knowledge, the pattern that emerges suggests that the 
improvement in performance was due to attitude: the more students desired to gain 
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science knowledge, the more motivated they felt during the course and, as a result, were 
able to perform better during the term. The same may be true of students who believed 
that technology is beneficial. This matches the expected outcome of the Theory of 
Planned Behavior (Ajzen, 2002). Also, it appears as though there were decreasing returns 
on increasing attitudes: students with the highest desire to gain science and technology 
knowledge performed no better than did students with a slightly lower desire to learn. 
 
3.4.2. Online Activity 
 
Even though students were separated based on initial belief that technology is beneficial 
([Benefit]), there were no significant differences in how they studied, voluntarily (on Bb 
Vista) or when required (on OWL). The lack of difference may have been a reflection of 
the fact that everyone needed to do the same homework and study for the same exams. 
That differences were observed between the [Benefit] groups’ final grades but not their 
online activities may suggest that students who believe technology to be beneficial make 
better use of the online resources than their fellow students, and thus perform better in 
class. Students with a lower opinion of technology may have wasted their time online, 
rather than focusing on material that helped them learn. However, confirmation of this 
would require student interviews, which was beyond the scope of this study.  
 
A significant difference was observed between the group averages for the number of 
times students accessed OWL (total attempts) when students were grouped based on their 
initial desire to gain science and technology knowledge (F(3,705) = 3.196, p < .05). Post-
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hoc tests showed significant differences between students with the lowest and the highest 
desire to gain science knowledge; Figure 3.7 shows a decrease in number of attempts as 
interest in science and technology increases. While there were no significant differences 
other than that between the highest and lowest groups, the graph shows a steady drop, 
though the slope is small (the difference between the highest and lowest values is 
approximately 1 extra attempt per OWL problem). Though this result may seem 
counterintuitive at first, the lower number of attempts for students with a higher initial 
attitude towards science is most likely related to that group’s better academic 
performance. Students with higher desire for science knowledge either already had 
studied more and thus needed fewer attempts on OWL or spent more time per problem 
before registering an attempt. Either would result in a lower number of attempts on OWL. 
 
Overall, grouping students by initial attitudes towards science and technology does not 
show a wide variation in online activity. Apart from a few less attempts on online 
homework for students who like technology, no group really stands out. Differences in 
students’ study habits and online activity may be linked more to differences in pedagogy 
(of the homework or class) than initial attitudes. 
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Figure 3.7: Average Total Number OWL Attempts as Grouped by Initial Desire to Gain Science and 
Technology Knowledge. The total number of attempts is the sum of attempts on six different OWL 
chemistry problems. Students were sorted into groups based on their sub-score for their initial desire for 
science knowledge, which was measured by a survey at the beginning of CHEM 101. Ranges for the sub-
score are found on the x-axis. Error bars represent the 95% confidence interval. The thick lines at the top of 
the figure show which groups are significantly different from each other according to post-hoc tests. 
Groups under the same line are not significantly different from others under the same line. 
 
 
 
3.5. Initial Self-Concept 
3.5.1. Grades, Achievement, and Learning 
 
There was a definite pattern to final grades when students were separated by their initial 
chemistry or academic self-concept (Figure 3.8). ANOVA’s for both groupings showed a 
very significant difference between the groups: F(3,705) = 9.258 (chemistry self-
concept), F(3,705) = 11.877 (academic self-concept), p < .001 for both. Chemistry self-
concept post-hoc tests revealed a pattern of three semi-distinct groups: low and below-
average chemistry self-concept, below and above-average chemistry self-concept, and 
above-average and high chemistry self-concept. According to post-hoc tests for academic 
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self-concept, the division between the groups was more distinct than for chemistry self-
concept: the two groups with academic self-concept below the class average were found 
to be significantly different than the two groups with academic self-concept above the 
class average. This shows that the self-concept sub-scores are not identical measures. In 
this case, chemistry self-concept appears to be more closely related to success in 
chemistry than is the more general academic self-concept, as would be expected. 
 
 
 
 
Figure 3.8: Comparison of Final Fall Grades for Initial Chemistry and Academic Self-Concepts. 
Students were sorted into groups based on their sub-score for their initial self-concept in either chemistry or 
academics, which was measured by a survey at the beginning of CHEM 101. Error bars represent the 95% 
confidence interval. The thick lines at the top of the figure show which chemistry self-concept groups are 
significantly different from each other according to post-hoc tests. The thick lines at the bottom of the 
figure show which academic self-concept groups are significantly different from each other according to 
post-hoc tests. Groups over or under the same line are not significantly different from others under the 
same line. 
 
 
 
These results can confirm some findings of previous studies, specifically that initial 
attitudes can affect final outcomes (Hume et al., 2006) and that attitudes impact what and 
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how we learn (Henderleiter & Pringle, 1999). It should be clear that initial self-concepts 
about one’s own academic or chemistry abilities are more influential than attitudes 
towards external concepts, such as “science and technology.” It can also be concluded 
that self-reported information from students can be a good predictor of student success, to 
a certain degree. This is likely a self-fulfilling prediction; students who don’t feel they 
have sufficient ability in chemistry end up not paying attention or not putting in enough 
effort and, in the end, not absorbing enough information to get as good a grade as 
students who thought themselves more capable. It also suggests that initial self-concept, 
chemistry or academic, would be a good tool for teachers to use in predicting which 
students will need the most help and/or encouragement to be successful in the course. 
 
3.5.2. Online Activity 
 
Again, despite seeing significant differences between groups with regards to their final 
grade, there were few differences seen between groups when looking at their online 
activity. Differences in online usage were observed only when students were grouped by 
initial self-concepts and not when grouped by attitudes towards science and technology. 
It is not surprising that separating students based on self-concept showed more 
differentiation in their online activities, since study habits are likely to be a factor in how 
a student evaluates themselves when making self-concept assessments.  
 
After grouping students by their initial academic self-concept, only one measurement was 
shown to have significant differences between groups: average time spent on Bb Vista 
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(Welch’s F(3,334) = 3.007, p < .05). Students with the highest initial academic self-
concept (sub-score greater than 6.26) spent significantly less average time looking at files 
on Bb Vista than the other groups, as confirmed by post-hoc analysis. These students 
(highest academic self-concept) were only significantly different at the 95% confidence 
level from students who started with a below-average academic self-concept. However, 
as can be seen in Figure 3.9, students with the highest initial academic self-concept had a 
lower average time on Bb Vista (90 seconds) than any of the other students (almost two 
minutes). 
 
 
 
 
Figure 3.9: Comparison of Average Time Spent per File on Bb Vista as Grouped by Initial Academic 
Self-Concept. Students were sorted into groups based on their sub-score for their initial academic self-
concept, which was measured by a survey at the beginning of CHEM 101. Ranges for the sub-score are 
found on the x-axis. Error bars represent the 95% confidence interval. The thick lines at the top of the 
figure show which groups are significantly different from each other according to post-hoc tests. Groups 
under the same line are not significantly different from others under the same line. 
 
 
 
On the other hand, for students grouped by their initial chemistry self-concept, there were 
no significant differences in Bb Vista usage (Figure 3.10). However, the number of times 
OWL was accessed was significantly different for students who started with the highest 
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chemistry self-concept. According to post-hoc analysis, these students accessed OWL 
significantly less than all of the other students in the class (Welch’s F(3,335.8) = 5.995, p 
< .001). As can be seen in Figure 3.10, OWL usage was very different from Bb Vista 
access, which showed almost identical accesses for each student, when grouped by initial 
chemistry self-concept.  
 
 
 
 
Figure 3.10: Comparison of the Number of Times Each Online System was Accessed as Grouped by 
Initial Chemistry Self-Concept. Shows average number of times students accessed the monitored Bb 
Vista files or attempted the monitored OWL problems. Students were sorted into groups based on their sub-
score for their initial chemistry self-concept, which was measured by a survey at the beginning of CHEM 
101. Ranges for the sub-score are found in the legend on the bottom. Error bars represent the 95% 
confidence interval. 
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few seconds (5-15 seconds), but it is a pattern that is worth highlighting for further study. 
Students with the highest chemistry self-concept also appeared to spend less time on 
average for Bb Vista, which matches with students of high academic self-concept, though 
the result was not statistically significant (at the 95% confidence level) in this instance. 
 
3.5.3. Creative Self-Concept 
 
Chemistry and academic self-concept, while not the same, have shown similar patterns. 
Since chemistry self-concept and academic self-concept are both related to how students 
feel they perform in an academic environment, their similarity is not unexpected. 
Creative self-concept, however, is more focused on how resourceful students feel they are 
in academics and how well they come up with creative solutions to problems. Its focus is 
very unlike chemistry or academic self-concept, and unlike chemistry and academic self-
concept, the only remarkable thing that was found when students were divided up by 
their initial creative self-concept was that the four groups appeared to be very much the 
same. No significant differences were found between any of the four groups, not even in 
final grades. The only visual comparison that showed anything close to a difference was 
in the total time spent on Bb Vista. Though not statistically significant, it appeared as 
though students who started with a creative self-concept above the class average spent 
less time on Bb Vista than did the students who started out below the class average. It is 
clear that, while there are definite similarities between chemistry and academic self-
concept, these similarities do not extend to creative self-concept. Since CHEM 101 and 
102 are large courses with many students, the curriculum is not set up to encourage 
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creative solutions to chemistry problems – tests in the class are multiple-choice only with 
no partial credit possible. As a result, it is not surprising that students’ creative self-
concept does not appear to be a factor in differentiating students in CHEM 101 and 102.  
 
3.6. Online Usage 
3.6.1. OWL Usage Groupings 
 
Analysis of students based on their average time spent solving an OWL problem showed 
a significant difference in student performance (and Bb Vista usage) between students 
who spent the least average amount of time on OWL (<74.5 sec.) and all other students. 
(Groupings based on time spent on OWL problems were made so that each group was 
25% of student population.) This suggests a possible method for instructors to identify 
students in need of early intervention by using average time spent on OWL problems: By 
running an analysis of current student OWL usage and calculating the average time spent 
per OWL attempt, instructors would be able to identify which students were spending the 
least amount of time per attempt. Those spending the lowest average time (up to 25% of 
the class) could then be given additional assistance by the course instructor to help 
improve student performance. The assistance given would depend, of course, on 
instructor resources, but may include messages to students encouraging them to spend 
more time on OWL problems before submitting their answer, quick questionnaires asking 
students why they are not spending more time per OWL problem (and then addressing 
the issues), or inviting those students to a special review session of the OWL problems on 
which they struggled.  
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Looking first at the differences in final grades, it was seen that students with the lowest 
average time per OWL problem ended up with the lowest final grade, as measured by 
post-hoc analysis (Figure 3.11). The lowest group was significantly different at the 95% 
confidence level from all of the other groupings; students who, on average, spent more 
than 74.5 seconds on each OWL question received the same final course grade, with 
differences less than the 95% confidence level. The same was true of the total time spent 
on Bb Vista – students who had the lowest average access time on OWL also spent the 
least amount of time accessing files on Bb Vista (by any measure) and were significantly 
different at the 95% confidence level from all other students. Similarly, while the post-
hoc analysis only showed the lowest and highest groups to be significantly different in 
the number of times they visited Bb Vista, an increasing average OWL usage does appear 
to correlate with an increasing number of visits to Bb Vista. This correlation may be due 
to a disinclination for students who achieved a lower course grade to use online resources 
or a manifestation of poor study habits that resulted in poor student performance. OWL 
and Bb Vista usage would not be expected to correlate, as the two systems are used for 
different purposes: OWL is a teaching tool and a graded homework system and can be 
accessed independently of Bb Vista, while Bb Vista is a repository of course information 
and has no grade associated with visitation. (ANOVA test results are summarized in 
Table 3.4.) 
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Figure 3.11: Comparison of Final Fall Grades as Grouped by Average Time per OWL Problem. 
Students were sorted into groups based on the average time they spent per OWL attempt, as measured by 
the online logs recorded by OWL. The numbers in parentheses are the range of average times (in seconds) 
for students in each group (e.g., the lowest group spent less than 74.5 seconds per OWL attempt). Error 
bars represent the 95% confidence interval. The thick lines at the top of the figure show which groups are 
significantly different from each other according to post-hoc tests. Groups under the same line are not 
significantly different from others under the same line. 
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result in the best possible student outcome(s), implying that attempting understanding of 
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answers in a trial-and-error method. 75 seconds (~1.2 min) per OWL problem attempt 
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for this class of students. The boundary most likely represents the minimum amount of 
time needed to move beyond simply doing the calculations for a problem (the solution 
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and that this boundary is for the average on each individual attempt. As such, it would be 
expected to see students with the lowest total time being significantly different from the 
other students if they were taking time to understand the concepts, which was the case 
(see below). The alternative was that the boundary represented the minimum time needed 
to properly set up each problem, which would have been a solution-level understanding. 
(The value of the boundary may shift depending on the specific chemistry topics covered 
and is likely specific to each class of students.) Students in the bottom 25% of average 
OWL usage appear to be very different from the other students in their online activity, 
generally accessing online resources less than their fellow students, which was why the 
lowest 25% stood out in all but one of the ANOVA tests (Table 3.4). It seems these 
students could have benefited from intervention, such as those suggested above. 
 
 
 
Table 3.4: Comparison of Final Fall Grades and Bb Vista Usage Means as Grouped by Average Time 
per OWL Access. Students were sorted into groups based on the average time they spent per OWL 
attempt, as measured by the online logs recorded by OWL. The table compares means for these groups in 
four categories: final fall grades, Bb Vista accesses, total time on Bb Vista, and average time per Bb Vista 
access. Results not significantly different at the 95% confidence level are shown in italics; significant 
results are bold. 
 Method F df1 df2 Sig.
Levene 
Statistic Sig.
Final Grade ANOVA 11.562 3 822 .000 1.835 .139
Number of Accesses ANOVA 2.703 3 822 .045 1.826 .141
Total Time Welch 6.706 3 445 .000 6.342 .000
Average Time ANOVA 1.021 3 822 .383 1.090 .353  
 
 
 
Students were also grouped based on their total OWL usage and the number of times they 
accessed OWL. When grouped by total OWL usage, post-hoc analysis again revealed one 
group of students who were significantly different from the other groups. As with the 
average access groups, the students who spent the least total time on OWL were 
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significantly different at the 95% confidence level from all other students. As with the 
average time, this appeared to represent a threshold below which students struggled; the 
threshold was 39 minutes of total time spent on six OWL problems (or 6.5 minutes total 
on a given problem, totaled over multiple attempts). This result mirrors the results above 
and lends further support to the idea that the boundary is measuring the minimum amount 
of time needed to begin thinking at the conceptual level. For example, students may have 
entered a wrong answer on their first attempt and spent much longer on their second 
attempt because they were evaluating their previous error. The attempts need not have 
been uniform in length. Furthermore, when students were grouped based on their number 
of accesses to OWL, the post-hoc tests singled out students with the highest number of 
OWL visits to be significantly different at the 95% confidence level from all other 
students when comparing final grades; this group’s grade average was 4 to 6.5 percentage 
points lower than the others’.  
 
A high number of visits and a low total time would lead to the lowest average being very 
different, which is what was observed. However, there were only 27 students (less than 
10% of any of the identified groups) who were in all three groups (high number of 
access, low total, and low average), which means that a simple combination of the three 
groups is not a useful diagnostic. Any of the three measurements could be used as a 
diagnostic tool to spot students at risk, though it seems that total time and average time 
differentiate students with more accuracy; average time had the highest F values and is 
likely the best single measure. Using a high number of accesses as an indicator of a 
student at risk is most likely the least accurate, as it could include students who did extra 
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OWL problems for more practice as well as students who tried randomly guessing. More 
complete diagnostics will be investigated in later chapters. 
 
3.6.2. Vista Usage Groupings 
 
The only grouping that showed any diagnostic capability was based on the number of Bb 
Vista accesses, most likely due to the fact that students could print off any files posted on 
Bb Vista and time spent viewing those print-offs was not measured. As illustrated in 
Figure 3.12, students with the highest number of Bb Vista accesses are significantly 
different at the 95% confidence level from all other students in both student performance 
and their use of OWL (Table 3.5). This was confirmed by post-hoc analysis. While OWL 
usage helped to indicate students who were likely to do poorly in the class, the anomalous 
group in Bb Vista access frequency showed a group of students who were doing well and 
were predicted to succeed, rather than students in need of help. As a result, suggesting to 
students that availing themselves of the material on Bb Vista leads to better performance 
in the class would be beneficial. Not only could the students expose themselves to more 
educational material (in the form of lecture notes and test answers), but it would help the 
students establish positive study habits that would help them in all future chemistry 
courses.  
  
 
100 
 
 
 
 
 
 
Figure 3.12: Comparison of Total Time Spent on OWL as Grouped by Bb Vista Access Frequency. 
Students were sorted into groups based on the number of times a student accessed the monitored Bb Vista 
files, as measured by the online logs recorded by Bb Vista. The numbers in parentheses are the range of 
accesses for students in each group (e.g., the lowest group had seven or fewer Bb Vista accesses). Error 
bars represent the 95% confidence interval. The thick lines at the top of the figure show which groups are 
significantly different from each other according to post-hoc tests. Groups under the same line are not 
significantly different from others under the same line. 
 
 
 
 
 
 
Table 3.5: Comparison of Final Fall Grades and OWL Usage Means as Grouped by Number of Bb 
Vista Accesses. Students were sorted into groups based on the number of times a student accessed the 
monitored Bb Vista files, as measured by the online logs recorded by Bb Vista. The table compares means 
for these groups in four categories: final fall grades, OWL accesses, total time on OWL, and average time 
per OWL attempt. Results not significantly different at the 95% confidence level are shown in italics; 
significant results are bold. 
 Method F df1 df2 Sig.
Levene 
Statistic Sig.
Final Grade ANOVA 6.798 3 822 .00016 .960 .411
Number of Accesses ANOVA 4.436 3 822 .004 1.508 .211
Total Time ANOVA 7.557 3 822 .00005 2.102 .098
Average Time Welch 3.496 3 455 .016 3.279 .020  
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3.7. Discussion 
 
Student achievement for women and men was, on average, equal in CHEM 101 and 102. 
Online resource usage, however, was not equal, and women spent more time accessing 
the online resources than did men. Why the extra online studying did not result in higher 
grades is not currently known, but could be due to different approaches to studying. 
Interviews with students regarding their time spent online would be required to 
understand the difference seen here. This was beyond the scope of the current study. 
 
A student’s choice of major was related to their performance in a general chemistry 
course. Not surprisingly, students whose studies require chemistry courses beyond 
general chemistry (science majors and certain engineering majors) had higher final 
grades than did students who would not be continuing chemistry studies past CHEM 102. 
Motivation for learning was higher for students who knew they would continue studying 
chemistry than for students who would not. Overall, there were no differences between 
majors with respect to online resource usage, except for the number of times a student 
attempted an OWL problem – engineers, regardless of major, attempted OWL problems 
fewer times than other students. It appears there were differences in how engineers and 
non-engineers approached assigned homework.  
 
As theorized in the Theory of Planned Behavior, attitudes do appear to influence actions 
(Ajzen, 2002). Of course, this study cannot actually establish causality, but students who 
entered CHEM 101 with a higher desire to gain science and technology knowledge ended 
the class with a higher grade (on average). The same was true for students who felt that 
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technology is beneficial. These initial attitudes did not appear, however, to be related to 
online resource usage. For future studies, it may be more instructive to measure students’ 
attitudes towards chemistry, rather than general science, as attitudes towards chemistry 
are likely to be stronger influences in chemistry courses.  
 
For teachers wishing to identify students who are likely to need some additional help in a 
general chemistry course, there are a number of measurements that can be used to predict 
student success. The first measurement is a student’s chemistry self-concept. As a 
student-reported measurement of how confident they feel in chemistry, chemistry self-
concept is a good predictor of student success. The chemistry self-concepts reported 
during the first week of CHEM 101 accurately predicted which students would, on 
average, perform better in the course (Figure 3.8). Academic self-concept, a measurement 
of how confident a student feels in their academic work, was also a good predictor of 
student success in a college general chemistry course. It was, however, not quite as 
accurate as chemistry self-concept, which is discussed in more detail in Chapter 4. 
Creative self-concept was not found to be a good predictor of success in CHEM 101 or 
102.  
 
Teachers can also monitor required online homework systems (like OWL) to identify 
students who are performing poorly or are likely to perform poorly in a general chemistry 
course. Time spent doing homework problems online can be a good diagnostic tool for 
assessing which students will need assistance. Either total time spent on online 
homework or average time per problem attempt can be used for the same purpose, though 
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average time was shown to be more accurate for assessing student success. In either case, 
students who were in the bottom 25% of time on homework were found to have 
significantly lower final grades and may have benefitted from some intervention during 
the term. Interventions to prevent students from failing the course could take a number of 
forms and would depend on a number of factors, such as instructor resources and a 
student’s current course grade, but interventions may include messages to students 
encouraging them to spend more time on online homework problems before submitting 
their answer or invitations for students to a special review session of the online 
homework problems on which they struggled. Further understanding on why certain 
students spent less time on homework problems would help refine such interventions or 
find other effective aids.  
 
Student access of materials on course websites is something that course instructors should 
actively promote. Students who most frequently accessed those materials were found to 
be the most successful in CHEM 101. This was most likely due to the establishment of 
good study habits that helped students perform well in the course. Reminding students 
what information is available online may help form good study habits in students who 
have yet to adjust to college life. Repetition of the message, such as small emails or 
tweets about new content being posted to the course website, is likely to be key in 
forming good, lasting study habits. 
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Chapter 4. CHANGES IN ATTITUDE 
4.1. Introduction 
 
The next analysis, after the characterization of the incoming students, was to look at how 
the students’ attitudes changed during their time in first-year chemistry. Changes in 
attitude and self-concept were compared with their achievement in the class and their 
activities online, both on assigned homework and additional online resources. Strong 
evidence was seen to suggest a number of students enter college with an assessment of 
their academic and chemistry abilities that is higher than when they have finished their 
first term of college. This “reality check” was observed for a number of students, but did 
not prevent those students from performing well. Students also showed positive 
correlations between accessing lab rubrics or lecture notes and their final grades.  
 
The students for this study were chosen from the Drexel University CHEM 101 Fall 2009 
course. Of the 977 students who completed the fall term, 870 agreed to participate in the 
study. Each of the students in the study were given a survey (described below, Appendix 
A) to measure their attitudes towards science and technology, as well as their chemistry 
and academic self-concepts. To measure differences over time, the surveys were repeated 
twice for a total of three surveys per student: the first survey (S1) was given at the 
beginning of CHEM 101, the second survey (S2) at the end of CHEM 101, and the third 
survey (S3) at the conclusion of CHEM 102. Students analyzed in this chapter completed 
at least two surveys (S1 and S2, or S2 and S3) so that their change in attitude could be 
measured. (Change from S1 to S2 was designated Δ12; change from S2 to S3 was 
designated Δ23.)  
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Student participation in the study was voluntary, and it was made clear to the students 
that their course grade would be unaffected by participation in the study. Those who 
participated gave their permission to have their survey responses linked with their course 
information (demographics, grades, participation, etc.) and their online activity as 
recorded by OWL and Bb Vista.  
 
The survey instrument used for this study was comprised of two separate surveys: the 
Attitudes towards Science and Technology Survey (ATST or A-ST) (Gokhale et al., 
2009) and the Chemistry Self-Concept Inventory (CSCI) (Bauer, 2005). All 30 questions 
of the ATST survey were used, but only 29 of the original 40 questions on the CSCI were 
used. In all, eight factors (or sub-scores) were extracted from the 59 questions of the 
survey, though only five of them are discussed in this chapter: interest in gaining science 
and technology knowledge, the belief that technology is beneficial to mankind, and three 
student self-concepts (chemistry, academic, and creative). The abbreviations for each of 
the sub-scores can be found in Table 4.1. The modified instrument was validated for this 
student population; see Chapter 2 for a discussion of the survey validation. 
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Table 4.1: Sub-Score Labels and their Abbreviations 
Sub-scores 1-5 are from the ATST (Gokhale et al., 2009); sub-scores 6-8 are from the CSCI (Bauer, 2005). 
The label shows the full name for the given sub-score; the abbreviations are used only when space is 
limited. Sub-scores 3, 4, and 5 were not used in this study. 
Sub-Score Label Abbreviation
Sub-Score 1: Interest in gaining science and technology knowledge [GainSTKnowledge]
Sub-Score 2: Science and technology are beneficial to mankind [Benefit]
Sub-Score 3: Concern that science and technology are dangerous to human-kind [Concern]
Sub-Score 4: Appropriateness of science and technology for women [ApproFemale]
Sub-Score 5: Men and women have equal opportunity in science and technology [EqualOpp]
Sub-Score 6: Chemistry Self-Concept ChemSC
Sub-Score 7: Academic Self-Concept AcademicSC
Sub-Score 8: Creative Self-Concept CreativeSC  
 
 
 
Since research on the Theory of Planned Behavior has shown that attitudes and belief in 
one’s own abilities can affect one’s actions (Ajzen, 2002), students were divided into four 
groups for analysis based on their initial attitudes and self-concepts, as calculated by their 
survey responses. [GainSTKnowledge], [Benefit], and the 3 self-concept sub-scores were 
used as groupings for the students. Each sub-score was divided into four categories, split 
by the standard deviation (one standard deviation = 1σ) of that given sub-score. The first 
two groups were within 1σ of the mean (labeled “above average” and “below average”); 
the second two groups were greater than 1σ away from the mean (labeled “started high” 
and “started low”).  
 
The primary method of analysis used in this chapter was Spearman’s Rho; also known as 
Spearman’s correlation coefficient, rs, which measures how much one variable varies 
with the other. The output of Spearman’s Rho has three numbers: N (how many pairs of 
variables were considered in the correlation), rs, and significance (p). The sign for rs can 
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be either positive or negative, indicating a positive or negative correlation. Positive 
correlations are observed when both variables vary in the same direction (e.g., when one 
increases, the other increases); negative correlations are observed when there is an 
inverse relationship between the variables. The significance (two-tailed) is reported as a 
decimal between 0 and 1. As discussed in Chapter 2, the lower the number, the greater 
the significance (p < .001 is more significant than p < .05).  
 
The results of Spearman’s correlation coefficient can be interpreted in the following 
manner. Effect size is easily calculated, as the correlation coefficient is, in fact, an effect 
size itself: the larger the correlation coefficient, the larger the effect size. The amount of 
the total variance that is accounted for by the observed correlation is equal to the 
coefficient squared (rs2) (e.g., a correlation coefficient of .250 accounts for 6.25% of the 
total variance). 
 
To avoid familywise error propagation, Welch’s F was used to compare the means of 
more than two groups of students. Welch’s F is a non-parametric equivalent to ANOVA 
and was used because each instance of mean comparison in this chapter violated the 
ANOVA assumption that the variance in each group was equal. The results of Welch’s F 
can be interpreted in the same way as ANOVA. To determine which mean, if any, 
differed from the others, post-hoc tests were run that compared each sub-group mean 
with the others. See Chapter 2 for a description of the post-hoc tests used; results were 
reported as significant differences between various groups. 
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4.2. The Self-Concept Reality Check 
4.2.1. Reality Check 
 
Self-concept is a mental construct that measures “a cognitive evaluation of one’s ability 
in a domain, a person’s perception of self, an evaluation an individual makes and 
customarily maintains with respect to himself or herself, in general or specific areas of 
knowledge” (Bauer, 2005). In other words, self-concept is how skilled a person believes 
they are at something (e.g., chemistry, academics, etc.). Self-concept is formed from 
comparisons both internally, such as comparing skill at two subjects (Marsh et al., 1991), 
and externally, which is usually in comparison with how a student views other students’ 
skill at the same subject (Pinxten et al., 2010).  
 
Furthermore, it can be expected that students will have an adjustment period after making 
the transition from high-school to college (Byrne, 2002). The larger group of students (in 
this case 1000+ chemistry students) for comparison will inevitably force students to 
change their self-concepts after entering the first term. Part of the study was to look at 
how those initial self-concepts and attitudes changed and then look at what activities 
were associated with those changes.  
 
Overall, most students came into Drexel with a higher confidence in their abilities than 
they had after their first term (Figure 4.1). When grouped by similar majors, there were 
no significant differences between each group’s average change in self-concept, except 
for Δ12 Chemistry self-concept (Welch’s F(5,102.6) = 2.528, p < .05). Post-hoc tests 
showed the only significant difference that could be detected was between engineering 
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students who would be taking more chemistry courses and students in the health sciences. 
A similar pattern was seen with both Δ12 academic self-concept (Figure 4.2) and Δ12 
creative self-concept (not shown). This initial overconfidence in a student’s chemistry 
abilities has been observed before (at the University of Pretoria in South Africa) and was 
an indicator of a student at risk of failing in a first-year chemistry course (Potgieter et al., 
2010). Unfortunately, the self-concept measurement was only taken once at the beginning 
of the course, so it is not known how many of their students revised their self-concept by 
the end of the term. 
 
 
 
 
Figure 4.1: Comparison of the Mean Change (Δ12) in Chemistry Self-Concept as Grouped by Major. 
Engineering was divided into majors requiring more chemistry classes beyond CHEM 101 and 102 and 
those that require no more chemistry after CHEM 102. The change in self-concept was measured as the 
difference between the chemistry self-concept sub-score on the first and second surveys. Error bars 
represent the 95% confidence interval for the mean of each group. The numbers in parentheses are the 
number of students in each major who completed surveys 1 and 2. The thick lines at the top of the figure 
show which groups are significantly different from each other according to post-hoc tests. Groups under the 
same line are not significantly different from others under the same line. 
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Figure 4.2: Comparison of the Mean Change (Δ12) in Academic Self-Concept as Grouped by Major. 
Engineering was divided into majors requiring more chemistry classes beyond CHEM 101 and 102 and 
those that require no more chemistry after CHEM 102. The change in self-concept was measured as the 
difference between the academic self-concept sub-score on the first and second surveys. Error bars 
represent the 95% confidence interval for the mean of each group. The numbers in parentheses are the 
number of students in each major who completed surveys 1 and 2.  
 
 
 
The decrease in self-concept did not continue through the second term. The trend in self-
concept change reversed dramatically (Figure 4.3); all average changes, with the 
exception of liberal arts majors, (Δ23) in self-concept (as grouped by major) trended 
positive, usually higher than they had decreased initially (Δ12). This was true for 
chemistry, academic, and creative self-concepts. Analysis of variance could not detect 
any significant difference between any of the Δ23 averages. The 95% confidence interval 
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slightly. These were also the students who, on average, performed worst in the class, so 
their lack of confidence in chemistry is expected. However, the change in self-concept is 
certainly near zero, which is more towards a positive change than in the first term. 
 
 
 
 
Figure 4.3: Comparison of the Mean Change (Δ23) in Chemistry Self-Concept as Grouped by Major. 
Engineering was divided into majors requiring more chemistry classes beyond CHEM 101 and 102 and 
those that require no more chemistry after CHEM 102. The change in self-concept was measured as the 
difference between the chemistry self-concept sub-score on the second and third surveys. Error bars 
represent the 95% confidence interval for the mean of each group. The numbers in parentheses are the 
number of students in each major who completed surveys 1 and 2.  
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concept could have come from comparison of skills with other students, exposure to a 
more rigorous curriculum than previously experienced, or both. Analysis of student 
resource usage was performed to determine some of the possible sources of this “reality 
check.”  
 
It should be noted that the attitudinal sub-scores (desire to gain science and technology 
knowledge and belief that technology is beneficial) did not show this sort of “reality 
check,” which would not be expected since attitudes are not usually formed in the relative 
way that self-concepts are. Both of the attitudinal sub-scores showed moderate positive 
gains during the first term, which was not seen in any of the self-concept measures (see 
section 4.3). However, gains in the second term were even larger (on average) than the 
first term, a trait held in common with the second term (Δ23) changes in self-concept. The 
potential reasons for the increases in desire to gain science and technology knowledge 
could be many and are not limited to the chemistry classroom. However, exposure to 
chemistry material that excites or informs students is likely to have a positive impact on 
their desire to learn science. Correlations with changes in desire to gain science and 
technology knowledge are further discussed below. As for increasing beliefs that 
technology is beneficial to mankind, the reasons may reflect those for desire to gain 
science and technology knowledge, as the correlations mentioned below show similarities 
between the two sub-scores. 
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4.2.2. Correlations between Δ12 and Δ23 
 
Going beyond averages, students were divided up into groups based on how much their 
self-concepts and attitudes changed over each term. The three groups, “increased,” 
“decreased,” and “small change,” were formed based on the assumption that most 
students did not change their self-concept a great deal over the course of one term. This 
led to the creation of matrices, like the one shown in Table 4.2, one for each attitude and 
self-concept sub-score. Overall, it appeared as though there were more students whose 
chemistry self-concept decreased sharply over the course of the two terms than increased. 
The theory that every student had a reality check on their self-concept was, as expected, 
not applicable to every student. 
 
 
 
Table 4.2: Student Population Grouped by Changes (Δ12 and Δ23) in Chemistry Self-Concept. 
This chart shows the number of students that fell into each of the nine possible groups when students were 
classified by the degree of change in their chemistry self-concept. Change in self-concept was classified as 
either increased (greater than 0.5 increase), decreased (self-concept decreased by more than 0.5), or small 
change (neither of the above). The rows are divided by change in self-concept between surveys one and 
two (Δ12). The columns are divided by change in self-concept between surveys two and three (Δ23). 
Decreased 
(<= -.5)
Small 
Change
Increased 
(> .5)
Decreased 
(<= -.5) 21 41 27
Small 
Change 45 96 28
Increased 
(> .5) 32 40 9
Δ23
Δ12
 
 
 
 
The averages of student self-concept changes are not anomalies. When correlations were 
run to compare changes in the first term with changes in the second term, negative 
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correlations between changes in the first term and changes in the second term were noted 
for each self-concept sub-score (Table 4.3). For both chemistry and academic self-
concept, the correlations accounted for about 5% of the total variance in the scores with a 
significance at the 99.99% level; the correlation for creative self-concept accounted for 
more than 14% of the variance and was significant at the 99.99% level.  
 
 
 
Table 4.3: Correlations (Spearman’s Rho, rs) between Δ12 and Δ23 Self-Concepts.  
Correlations were between self-concepts of the same type. For example, Δ12 chemistry self-concept was 
correlated with Δ23 chemistry self-concept (N = 335). 
Correlation 
Coefficient
Sig.            
(2-tailed)
-.229 .00002
-.222 .00004
-.382 .00000
Chemistry Self-Concept
Academic Self-Concept
Creative Self-Concept  
 
 
 
The correlations do verify the general hypothesis that a “reality check” followed by an 
increase in self-concept was the most common experience for students through the first 
two terms of chemistry. However, these correlations were not very large in effect size, 
which means that not every student experienced such changes in their self-concept. To 
verify this, the correlations in Table 4.3 were recalculated using only students who had a 
negative Δ12 self-concept (i.e., negative Δ12 chemistry self-concept for the correlation 
between Δ12 and Δ23 chemistry self-concept). As can be seen in Table 4.4, those students 
who did have an initial decrease in their chemistry or creative self-concept did generally 
have their self-concept increase in the following term. This may or may not have been 
true of academic self-concept, as the correlation was not significant at the 95% level.  
  
 
116 
 
 
 
 
 
Table 4.4: Correlations (Spearman’s Rho, rs) between Δ12 and Δ23 Self-Concepts restricted to 
Students with Negative Δ12 Self-Concepts. Correlations were between self-concepts of the same type. For 
example, Δ12 chemistry self-concept was correlated with Δ23 chemistry self-concept. The correlations are 
restricted to students who had a negative Δ12 self-concept. Correlations in italics are not significant at the 
95% confidence level; bold indicates a significant correlation. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
-.154 .047 166
-.098 .195 178
-.252 .002 147
Chemistry Self-Concept
Academic Self-Concept
Creative Self-Concept  
 
 
 
4.2.3. Potential Sources of Self-Concept Change 
 
To find potential sources of the “reality check” and to verify that this self-concept 
readjustment is taking place, correlations were run between student online resource usage 
and their changes in self-concept. Many instances of negative correlations were observed 
between time spent studying online and changes in self-concept, which may be correlated 
with the hypothesized “reality check,” both with OWL and Bb Vista usage. However, 
while there were negative correlations between time spent on all OWL problems and 
changes in self-concept (Table 4.7), no such correlations were found with general use of 
Bb Vista.  
 
While no correlations were found between Bb Vista usage and changes in self-concept 
(or attitude), when broken down by the file type, a number of correlations were found; 
most of the negative correlations were between Δ12 chemistry self-concept and viewing 
of the lecture slides and exam answers (Table 4.5). There were few correlations with Δ12 
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creative self-concept and almost none with Δ12 academic self-concept. Given that the 
course material being accessed through Bb Vista was chemistry-related, it made sense for 
students’ chemistry self-concept to change more than their other self-concepts.  
 
 
 
Table 4.5: Correlations (Spearman’s Rho, rs) between Lecture Slide Usage and Changes (Δ12) in 
Chemistry Self-Concept as Grouped by Initial Chemistry Self-Concept. Correlations are between the 
student usage of the lecture slides and a student’s change in their chemistry self-concept. Usage of the file 
was measured in total time viewing the files online, average time per view, and total number of views. The 
correlations shown are only for students with either the lowest or highest initial chemistry self-concepts 
(less than or equal to 3.40 or greater than 5.65 out of 7), as measured by a survey administered in the first 
week of CHEM 101. Correlations in italics are not significant at the 95% confidence level; bold indicates a 
significant correlation. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of Times -.244 .036 74
Total Time -.244 .036 74
Average Time -.233 .046 74
Number of Times -.113 .319 80
Total Time -.233 .038 80
Average Time -.252 .024 80
Started 
Low             
(<= 3.40)
Started 
High 
(5.65+)  
 
 
 
The strongest negative correlations between lecture slide viewing and Δ12 chemistry self-
concept were for two groups (students who started with either the highest or lowest 
chemistry self-concept) and are associated with almost all of the different usage 
measurements at approximately the same significance (p < .05; Table 4.5). Each of these 
correlations account for approximately 6% of the variance in Δ12 Chemistry self-concept. 
 
The strongest correlations between viewing the exam answers and Δ12 chemistry self-
concept each account for more than 12% of the variance and are both significant at the 
99% level (rs = -.341, p < .01 for total time viewing and rs = -.373, p < .01 for average 
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viewing time; Table 4.6). It may be significant that the group for which these correlations 
were observed was the group of students whose initial creative self-concept was the 
lowest in the class. Learning one’s mistakes by viewing the exam answers is not a 
method of studying that requires much interpretation of the answers, which may be why 
this was only significant to students with a low creative self-concept.  
 
 
 
Table 4.6: Correlations (Spearman’s Rho, rs) between Exam Answers Viewing and Changes in (Δ12) 
Chemistry Self-Concept. Correlations are only for students with the lowest initial creative self-concept 
(sub-score <4.13 out of 7), as measured by a survey administered in the first week of CHEM 101. 
Correlations are between the student usage of the exam answers and the student’s change in their chemistry 
self-concept. Usage of the file was measured in total time viewing the file online, average time per view, 
and total number of views. Correlations in italics are not significant at the 95% confidence level; bold 
indicates a significant correlation (N = 57).  
Correlation 
Coefficient
Sig.            
(2-tailed)
Number of Times -.089 .510
Total Time -.341 .0095
Average Time -.373 .004  
 
 
 
Assuming that the negative correlations were part of the “reality check,” it was expected 
that the re-evaluation of a student’s chemistry self-concept would be associated with 
learning new chemistry and filling in knowledge gaps. If a student acknowledged gaps in 
their knowledge during the term, they would have been forced to re-evaluate their self-
concept, as well. That these negative correlations occur only with the substantive learning 
materials (lecture slides and exam answers) and not with the lab rubrics or contact 
information would support that theory: as these students spent time on Bb Vista, they 
realized how much they did not actually understand. 
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However, it was also observed that any of the groups of students who had negative 
correlations between changes in chemistry self-concept and Bb Vista usage did not have 
significant correlations (either positive or negative) between their time on Bb Vista and 
their final course grades (see Chapter 6). This may mean that, though the students re-
evaluated their self-concept, these students did not gain a great deal of chemistry 
information from viewing the lecture slides or exam answers. It is possible, then, that the 
negative correlation between the changes in self-concept and Bb Vista usage came from 
frustration at not gaining a better understanding of the material or these students were not 
really concentrating on the material and were, essentially, wasting their time. 
 
When analyzing the changes in self-concept versus OWL usage, more significant 
negative correlations were observed (Table 4.7). Overall, there was a significant, negative 
correlation between the number of times OWL was accessed and changes in a student’s 
chemistry self-concept (rs = -.092, p < .05), as well as their academic self-concept (rs = -
.110, p < .01). Since, unlike Bb Vista, all of the OWL problems were educational in 
nature, this is what would be expected if the above conclusions about re-evaluation of 
self-concept occurring while learning were true. (For this reason, there was little rationale 
for evaluating the OWL topics separately.) 
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Table 4.7: Correlations (Spearman’s Rho, rs) Between Number of OWL Accesses and Change (Δ12) in 
Self-Concept. Correlations are between the number of times a student accessed any OWL problem and 
their change in chemistry or academic self-concept. Changes in self-concept were measured as the 
difference between the sub-score on survey one and survey two. Both correlations are significant at the 
95% significance level or better (N = 576). 
Correlation 
Coefficient
Sig.            
(2-tailed)
Δ12_Chemistry Self-Concept -.092 .028
Δ12_Academic Self-Concept -.110 .008  
 
 
 
Grouping students based on their initial chemistry self-concept showed correlations 
related to a student’s change (Δ12) in their chemistry self-concept (Table 4.8). While 
similar to the “reality check” seen with Bb Vista usage (Table 4.5), the pattern with OWL 
differed because for all but those students starting with the lowest chemistry self-concept, 
increasing numbers of times accessing OWL correlated negatively with that student’s 
change in chemistry self-concept (below-average: rs = -.198, p < .01, above-average: rs = 
-.162, p < .05, highest: rs = -.209, p < .05); for Bb Vista it was only the students with the 
lowest and highest initial chemistry self-concepts who showed the “reality check.” For 
students who started with above-average chemistry self-concept, the number of OWL 
accesses also negatively correlated with a change in their academic self-concept (rs = -
.189, p < .01).  
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Table 4.8: Correlations (Spearman’s Rho, rs) Between Number of OWL Accesses and Change (Δ12) in 
Chemistry Self-Concept as Grouped by Initial Chemistry Self-Concept. Correlations are between the 
number of times a student accessed any OWL problem and their change in chemistry self-concept. Students 
were grouped based on their initial self-concept, as measured by a survey in the first week of CHEM 101. 
The range of the initial chemistry self-concept sub-score is shown in the left-hand column. Changes in self-
concept were measured as the difference between the sub-score on survey one and survey two. Correlations 
in italics are not significant at the 95% confidence level; bold indicates a significant correlation.  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
.183 .086 89
-.198 .006 189
-.162 .024 195
-.209 .044 93
Started Low (<=3.40)
Started Below Avg (3.41 - 4.52)
Started Above Avg (4.53 - 5.64)
Started High (5.65+)  
 
 
 
The OWL data make it appear as though those with higher self-concepts are more likely 
to experience the “reality check.” This may be, in part, because students who had high 
initial self-concepts had more room for their self-concept to drop than did those who 
started with lower self-concepts. The discrepancy between the groups of students 
exhibiting the “reality check” while using OWL and those who exhibit the “reality 
check” using Bb Vista may also be due to differences in effective learning strategies, 
which led to reality checks at different times. Unlike Bb Vista usage, students did exhibit 
“reality checks” on their academic self-concepts in their OWL usage, though only for 
those students within 1σ of the mean : the number of times a student accessed OWL was 
significantly, negatively correlated with a change (Δ12) in academic self-concept (below-
average (sub-score range: 4.72-5.48): rs = -.194, p < .05; above-average (sub-score range: 
5.49-6.25): rs = -.141, p < .05).  
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The observed “reality check,” where a student reevaluates their initial self-concepts (i.e., 
chemistry, academic, and creative) during the first term, usually downward after an initial 
over-confidence, was observed in a number of instances. Likewise, it appears as though 
the reality check is due, at least in part, to a student learning the extent of their chemistry 
knowledge (or lack thereof). And, while it has been shown that initial self-concepts do 
correlate to final grades and thus can give some information on incoming students’ likely 
success, self-concept cannot be fully trusted as a measure of student comfort with the 
subject until after some exposure at the college level, in this case, one term of chemistry. 
However, it does appear that changes in self-concept are driven by changes in student 
knowledge, and it should be possible to use the Δ23 self-concepts in the second term as a 
measure of increasing comfort with chemistry and a separate measure of learning. 
 
4.3. Changes in Attitude 
4.3.1. Grades and Learning 
 
When Δ12[GainSTKnowledge] and Δ12[Benefit] were used to group students by increase 
(+0.3), decrease (-0.3), or small change, there were no significant differences detected 
between the groups’ final fall course grades, as measured by analysis of variance. 
Additionally, no correlations between Δ12[GainSTKnowledge] or Δ12[Benefit] and final 
course grades were found to be significant. However, a lack of difference in correlation 
between final course grades and changes in attitude masked a correlation between these 
attitude sub-scores, as measured on surveys 1, 2, and 3 (S1, S2, and S3), and final course 
grades.  
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As seen in Table 4.9, there was a small but significant positive correlation between 
students’ S1 desire to gain science and technology knowledge scores and their final fall 
course grades (rs = .135, p < .001). This correlation was almost unchanged for S2 (rs = 
.127, p < .01), which would explain why there was no correlation between final course 
grades and a change in attitude. The effect size and significance of the correlation 
between S2 [GainSTKnowledge] and the final fall course grades were both reduced from 
the S1 effect size, but were slightly larger and much more significant for student 
responses on S3. However, there were still no correlations between changes in attitude 
(Δ23) and final fall course grades. Looking at correlations between [GainSTKnowledge] 
and final winter course grades, Table 4.10 shows the same pattern as Table 4.9, but with 
smaller correlation coefficients and weaker significance. It seems that there is some 
connection between student achievement (as measured by final course grades) in a 
chemistry course and that student’s desire to gain science and technology knowledge. 
Though small, that correlation does appear to persist at a near constant level. The most 
likely reason for this correlation is that students with some desire to gain science 
knowledge would be slightly more motivated to study a science subject, such as 
chemistry, when compared to other students, which would be an expected outcome of the 
TPB.  
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Table 4.9: Correlations (Spearman’s Rho, rs) between Attitudes Towards Science and Technology 
and Fall (CHEM 101) Final Course Grades for Surveys 1, 2, and 3. Correlations are between a 
students’ desire to gain science and technology knowledge or belief that technology is beneficial, as 
measured in survey 1, 2, or 3, and their final fall course grades. Correlations in italics are not significant at 
the 95% confidence level; bold indicates a significant correlation.  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Survey 1 .135 .0003 726
Survey 2 .127 .0013 637
Survey 3 .184 .00005 484
Survey 1 .097 .009 726
Survey 2 .039 .322 637
Survey 3 .138 .002 484
[GainSTKnowledge]
[Benefit]
 
 
 
 
A similarly small but significant correlation was found between [Benefit] and final fall 
course grades for students who took the first survey (rs = .097, p < .01). However, the 
correlation disappeared for survey 2, only to reappear for survey 3 and final fall course 
grades. The correlations between students’ belief that technology is beneficial and final 
course grades were even more tenuous when looking at the winter term grades (Table 
4.10). The only significant correlation was between survey 3 and winter course grades. 
As with fall grades, there was no correlation with survey 2. However, correlation between 
survey 1 and winter course grades was nearly significant (p = .059), which mirrors what 
was seen with the fall course grades. Overall, while there may be some connection 
between student achievement and [Benefit], the connection appears to be tenuous and 
would need to be repeated elsewhere for a more accurate picture. 
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Table 4.10: Correlations (Spearman’s Rho, rs) between Attitudes Towards Science and Technology 
and Winter (CHEM 102) Final Course Grades for Surveys 1, 2, and 3. Correlations are between a 
students’ desire to gain science and technology knowledge or belief that technology is beneficial, as 
measured in survey 1, 2, or 3, and their final winter course grades. Correlations in italics are not significant 
at the 95% confidence level; bold indicates a significant correlation.  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Survey 1 .100 .014 611
Survey 2 .109 .011 551
Survey 3 .113 .013 484
Survey 1 .076 .059 611
Survey 2 -.001 .983 551
Survey 3 .102 .025 484
[GainSTKnowledge]
[Benefit]
 
 
 
 
4.3.2. Correlations with Δ12[GainSTKnowledge] 
 
A positive change in student desire to gain science and technology knowledge can 
generally be seen as beneficial for chemistry departments. While not a direct measure of 
increasing desire for chemistry knowledge, an increase in general scientific interest may 
boost interest in chemistry specifically. Two groups of students saw an increase in their 
desire to gain science and technology knowledge, as measured by 
Δ12[GainSTKnowledge], correlate with an increase in the number of times those students 
accessed OWL (Table 4.11): students who started with a below-average 
[GainSTKnowledge] (rs = .178, p < .05), and students who started with the lowest 
chemistry self-concept (rs = .213, p < .05). While the below-average [GainSTKnowledge] 
group has a higher significance value, it is most likely due to the larger group size; 
students who started with the lowest chemistry self-concept had a higher correlation 
coefficient. While it is possible that OWL usage increased these students’ desire to gain 
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more science knowledge, the more likely force behind this correlation is that an 
increasing desire for knowledge drove certain students to make more attempts on online 
homework. The effect appears to be limited to students who started with low confidence 
in chemistry. 
 
 
 
Table 4.11: Correlations (Spearman’s Rho, rs) between Number of OWL Attempts and Change (Δ12) 
in Desire to Gain Science and Technology Knowledge. Correlations are between the number of times a 
student accessed any OWL problem and their change in a desire to gain science and technology knowledge. 
Correlations shown are only for students who started with a below average desire to gain science and 
technology knowledge (sub-score between 3.36 and 3.92 out of 5) or students who started with the lowest 
initial chemistry self-concept (sub-score less than or equal to 3.40 out of 7); students were grouped based 
on their initial desire attitudes and self-concept, as measured by a survey in the first week of CHEM 101. 
All correlations shown are significant at the 95% confidence level. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
[GainSTKnowledge]
Started Below Avg 
(3.36 - 3.92)
.178 .011 204
Chemistry              
Self-Concept
Started Low         
(<= 3.40)
.213 .045 89
 
 
 
 
Analysis of variance suggests why, mathematically, the correlation coefficients above 
were small: students whose [GainSTKnowledge] changed little or not at all accessed 
OWL significantly fewer times than students who saw a Δ12[GainSTKnowledge] of 
greater than ±0.3 (Welch’s F(2,223.8) = 3.133, p < .05). Post-hoc analysis showed the 
group with little change in attitude to have accessed OWL fewer times than the other 
groups; the significant difference was between the small change group and those whose 
[GainSTKnowledge] increased (Figure 4.4). It would appear that students who spend 
more time studying science are also more likely to show an increase in their desire to gain 
more science knowledge, though causation cannot be determined from these 
observations. 
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Figure 4.4: Comparison of the Mean Number of Times OWL and Bb Vista Were Accessed as 
Grouped by Change (Δ12) in Desire to Gain Science and Technology Knowledge. Students were 
grouped based on the change in their desire to gain science and technology knowledge, as measured by the 
difference in their sub-scores on the first and second surveys. Groups were for students who had a large 
positive change (> 0.3 increase in the sub-score), students who had a large negative change (<= 0.3 
decrease in the sub-score), and those who only had a small change in their sub-score. Error bars represent 
the 95% confidence interval for the mean of each group. 
 
 
 
Unlike OWL, there were no positive correlations between time spent on Bb Vista and 
Δ12[GainSTKnowledge]. For example, students who started with the lowest [Benefit], 
exhibited a negative correlation between the total time spent on Bb Vista and 
Δ12[GainSTKnowledge] (rs = -.313, p < .01; Table 4.12). This negative correlation 
showed students who started with a low view of technology’s benefit used that 
technology less as their desire to gain science and technology knowledge increased. The 
effect size was large and accounted for almost 10% of the observed variance. One other 
group, students with above-average creative self-concept, shared the pattern of increased 
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exposure to Bb Vista correlated to a decrease in desire to gain science and technology 
knowledge, though with a smaller effect size.  
 
 
 
Table 4.12: Correlations (Spearman’s Rho, rs) Between Total Time on Bb Vista and Change (Δ12) in 
Desire to Gain Science and Technology Knowledge. Correlations are between the total time a student 
spent viewing files on Bb Vista and their change in desire to gain science and technology knowledge. 
Changes in attitude were measured as the difference between the sub-score on survey one and survey two. 
Correlations shown are only for students with the lowest initial belief that technology is beneficial (sub-
score less than or equal to 2.97 out of 5) or students with above average initial creative self-concept (sub-
score between 4.98 and 5.82 out of 7); students were grouped based on their initial attitudes and self-
concept, as measured by a survey in the first week of CHEM 101. Both correlations shown are significant 
at the 95% confidence level.  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
[Benefit]                                       
Started Low (<= 2.97)
-.313 .008 71
Creative Self-Concept          
Started Above Avg (4.98 - 5.82)
-.156 .036 181
 
 
 
 
In order to better understand the negative correlation between changes in desire to gain 
science and technology knowledge and time spent on Bb Vista, correlations were run on 
each file type to see what was associated with the change in attitude. For both groups 
mentioned in Table 4.12, there was a negative correlation between the number of times 
(not total time) the exam answers were viewed and Δ12[GainSTKnowledge] (rs = -.320, p 
< .05 for lowest initial belief that technology is beneficial and rs = -.265, p < .01 for 
above-average creative self-concept; Table 4.13). Students who started with the lowest 
belief that technology is beneficial had an even stronger negative correlation between 
Δ12[GainSTKnowledge] and the viewing of lecture notes (Table 4.14), both the number 
of times viewed (rs = -.399, p < .01) and the total time spent viewing the slides (rs = -.353, 
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p < .05). These correlations each account for 10-15% of the total variance in 
Δ12[GainSTKnowledge] and would seem to match the correlations seen in Table 4.12.  
 
 
 
Table 4.13: Correlations (Spearman’s Rho, rs) Between the Number of Times a Student Accessed 
Exam Answers and Change (Δ12) in Their Desire to Gain Science and Technology Knowledg. 
Correlations are between number of times a student accessed the exam answers and their change in desire 
to gain science and technology knowledge. Changes in attitude were measured as the difference between 
the sub-score on survey one and survey two. Correlations shown are only for students with the lowest 
initial belief that technology is beneficial (sub-score less than or equal to 2.97 out of 5) or students with 
above average initial creative self-concept (sub-score between 4.98 and 5.82 out of 7); students were 
grouped based on their initial attitudes and self-concept, as measured by a survey in the first week of 
CHEM 101. Both correlations shown are significant at the 95% confidence level. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
[Benefit]                                          
Started Low (<= 2.97)
-.320 .020 53
Creative Self-Concept                  
Started Above Avg (4.98 - 5.82)
-.265 .004 114
 
 
 
 
Another group of students, those with the lowest initial academic self-concept, shared the 
negative correlations between viewing lecture slides and Δ12[GainSTKnowledge] (Table 
4.14). For this group, it was total time (rs = -.300, p < .05) and average time (rs = -.331, p 
< .01) that correlated with changes in desire to gain science and technology knowledge, 
rather than the number of accesses. For the groups of students shown first in Table 4.12 
(lowest initial belief that technology is beneficial and above-average creative self-
concept) and students with a low initial academic self-concept, the reason behind the 
correlations is unclear. Since these students appeared to spend time on substantive 
material (lecture slides and exam answers), they were probably not simply wasting time 
online, though it is unknown if these students were dividing their attentions by viewing 
the educational material while accessing other online distractions at the same time.  
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The negative correlations may be evidence of students feeling discouraged by the amount 
of chemistry information they are trying to learn. That is, some students studying the 
chemistry material online may have been overwhelmed by the amount of material to be 
learned and, in turn, felt less inclined to continue a scientific education. None of these 
groups had a correlation between the time spent on Bb Vista and a change in their 
chemistry self-concept, but they also lacked a correlation between their activities on Bb 
Vista and final grades, too (see Chapter 6). That none of these students saw a correlation 
between their time on Bb Vista and a change in their chemistry self-concept contradicts 
the theory that the students were discouraged by the amount of material to be learned. 
However, that the students also lacked a correlation between their Bb Vista access and 
final grades supports the idea that these students may have been overwhelmed by the 
material available online. None of these groups had correlations with the lab rubrics or 
the instructor contact information either, so the correlations for these groups do appear to 
be related, somehow, to chemistry content. 
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Table 4.14: Correlations (Spearman’s Rho, rs) Between Lecture Slide Usage and Change (Δ12) in 
Desire to Gain Science and Technology Knowledge. Correlations are between student access of lecture 
slides, as measured by the number of times the file was viewed, the total time spent viewing the file, and 
the average time per viewing, and their change in desire to gain science and technology knowledge. 
Changes in attitude were measured as the difference between the sub-score on survey one and survey two. 
Correlations shown are only for students with the lowest initial belief that technology is beneficial (sub-
score less than or equal to 2.97 out of 5) or students with lowest initial academic self-concept (sub-score 
less than or equal to 4.71 out of 7); students were grouped based on their initial attitudes and self-concept, 
as measured by a survey in the first week of CHEM 101. Correlations in italics are not significant at the 
95% confidence level; bold indicates a significant correlation. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of Times -.399 .003 52
Total Time -.353 .0102 52
Average Time -.237 .090 52
Number of Times -.150 .210 72
Total Time -.300 .011 72
Average Time -.331 .005 72
[Benefit]                                          
Started Low (<= 2.97)
Academic Self-Concept                        
Started Low (<= 4.71)
 
 
 
 
The only students who had negative correlations between time spent on non-educational 
Bb Vista materials and Δ12[GainSTKnowledge] were students who had a below-average 
initial desire to gain science and technology knowledge (Table 4.15). The more these 
students viewed the lab rubrics, the more their desire for more science knowledge 
decreased; the correlations accounted for about 5% of the variance of that change. There 
was also no correlation between these students’ viewing of lab rubrics and their final 
course grades (see Chapter 6), so it does seem to provide some preliminary evidence that 
time spent on activities that do not improve a student’s science knowledge decreases 
further desire for science knowledge. 
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Table 4.15: Correlations (Spearman’s Rho, rs) Between Lab Rubric Usage and Change (Δ12) in Desire 
to Gain Science and Technology Knowledge. Only students with below-average (sub-score between 3.36 
-and 3.92 out of 5) initial desire to gain science and technology knowledge are shown. Students were 
grouped based on their initial attitudes, as measured by a survey in the first week of CHEM 101. 
Correlations are between student access of lab rubrics, as measured by the number of times the file was 
viewed, the total time spent viewing the file, and the average time per viewing, and their change in desire to 
gain science and technology knowledge (N = 185). All correlations shown are significant at the 99% 
confidence level. 
Correlation 
Coefficient
Sig.            
(2-tailed)
Number of Times -.231 .002
Total Time -.220 .003
Average Time -.236 .0012  
 
 
 
There were, however, some positive correlations between accessing Bb Vista (accessing 
the instructor contact information) and Δ12[GainSTKnowledge] (Table 4.16). Students 
with above-average chemistry self-concept or [Benefit] had a significant, positive 
correlation between the average time and total time spent viewing the instructor contact 
information and a change (Δ12) in their desire to gain science and technology knowledge. 
That these correlations were with time viewing the contact information rather than 
number of accesses does make this suspect. It is unknown why the correlation was not 
seen with the number of viewings; students may have been leaving the contact 
information open while initiating contact, but that cannot be known from the data. 
Students with the lowest initial chemistry self-concept also had a positive correlation 
between the number of times they viewed the contact information and their 
Δ12[GainSTKnowledge] (rs = .385, p < .05). As seen in Chapter 6, there was no direct 
benefit to these students’ grades, so it is possible that contact with instructors had a 
positive influence on the students’ outlook on science, though it is not known if such 
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contact took place. However, this finding would match with Gokhale, who found that 
meeting with people working in various science fields benefitted these students’ desire to 
gain science and technology knowledge (Gokhale, 2010). 
 
 
 
Table 4.16: Positive Correlations (Spearman’s Rho, rs) Between Instructor Contact Information 
Usage and Change (Δ12) in Desire to Gain Science and Technology Knowledge. Contact information 
usage was measured by total time spent viewing the files and average time per viewing; number of accesses 
not shown. Correlations shown are for students with an above-average initial belief that technology is 
beneficial (sub-score between 3.47 and 3.96 out of 5) or students with an above-average initial chemistry 
self-concept (sub-score between 4.53 and 5.64 out of 7). Students were grouped based on their initial 
attitudes and self-concepts, as measured by a survey in the first week of CHEM 101. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Total Time .372 .0009 76
Average Time .330 .004 76
Total Time .223 .048 79
Average Time .240 .033 79
[Benefit]                                        
Started Above Avg (3.47 - 3.96)
Chemistry Self-Concept                
Started Above Avg (4.53 - 5.64)  
 
 
 
4.4. Positive Correlations with Change (Δ12) in Self-Concept  
4.4.1. Bb Vista 
 
While the overall average for the first term showed students with decreasing self-
concepts, this was not the case for every student. Not every student enrolled in CHEM 
101 had overestimated their abilities at chemistry, and thus some did see increases in 
their chemistry, academic, and/or creative self-concepts as the term progressed.  
 
When accessing the lab rubrics, there was a positive correlation between students 
viewing the rubrics online and a change in their chemistry self-concept. As a whole, 
students had a significant, positive correlation between the number of times the rubrics 
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were accessed and a change (Δ12) in the student’s chemistry self-concept (rs = .097, p < 
.05). As can be seen in Table 4.17 (non-significant results in italics), the number of 
accesses was always significantly correlated with the change in chemistry self-concept, 
while the total time and average time were not. (As it was not necessary to stay online to 
view the files, the total and average times are likely to be less reliable measures of access 
time, and so may not be reliable correlations.) These positive correlations with changes in 
chemistry self-concept appear to have been largely independent of any benefit to grades 
associated with the study habit. 
 
 
 
Table 4.17: Correlations (Spearman’s Rho, rs) Between Lab Rubric Usage and Change (Δ12) in 
Chemistry Self-Concept. Correlations are between student access of lab rubrics, as measured by the 
number of times the file was viewed, the total time spent viewing the file, and the average time per 
viewing, and their change in chemistry self-concept. Correlations in italics are not significant at the 95% 
confidence level; bold indicates a significant correlation. Correlations shown are only for specific groups of 
students (with sub-scores as shown in parentheses) as shown in the left-hand column. Students were 
grouped based on their initial attitudes and self-concepts, as measured by a survey in the first week of 
CHEM 101. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of Times .162 .046 152
Total Time .191 .018 152
Average Time .196 .015 152
Number of Times .357 .0006 89
Total Time .140 .190 89
Average Time .015 .890 89
Number of Times .174 .022 174
Total Time .166 .029 174
Average Time .160 .034 174
Number of Times .234 .031 85
Total Time .170 .119 85
Average Time .067 .541 85
GainSTKnowledge            
Started Above Avg            
(3.93 - 4.49)
Benefit                                
Started High                       
(3.97+)
Chemistry Self-Concept 
Started Below Avg               
(3.41 - 4.52)
Academic Self-Concept  
Started High                       
(6.26+)
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Of the groups included in Table 4.17, students with the highest initial belief that 
technology is beneficial had the strongest and most significant correlation with Δ12 
chemistry self-concept, accounting for more than 12% of the variance in the change (rs = 
.357, p < .001). These students also had a correlation between the number of times they 
viewed the rubrics and their final course grades in both terms (see Chapter 5). Students 
with the highest initial academic self-concept also had a correlation between the number 
of times the rubrics were viewed and the change in their chemistry self-concept (rs = 
.234, p < .05), which accounted for 5.5% of the variance. The only association between 
these students’ viewing of the rubrics and their lab grades was in the winter term, 
correlated with total time viewed, not the number of times. The other groups in Table 
4.17 had no correlations between their viewings of the lab rubrics and their final course 
grades, only with changes in chemistry self-concept.  
 
Changes in academic or creative self-concepts were mostly correlated with viewing the 
lecture slides, though the correlation was not always with the same measurement (number 
of accesses, total time, or average time). As can be seen in Table 4.18 (non-significant 
results in italics), two groups of students had a significant, positive correlation between 
their time viewing lecture slides and changes (Δ12) in their academic self-concept: 
students with above-average initial [Benefit] and students with the highest initial creative 
self-concept. There was no direct benefit for these students’ grades even as their 
academic self-concept was increasing; neither group had a correlation between their 
viewing of the lecture slides and their final fall course grades. A direct benefit in grades 
may not have been necessary as these correlations were not about increased confidence in 
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chemistry, but confidence in their academic abilities. Students who viewed technology as 
beneficial and students who were confident in their creativity both became more 
confident in their academic abilities as they viewed the lecture slides posted on Bb Vista; 
the correlation is likely linked to some underlying motivation, like learning better 
studying methods. 
 
 
 
Table 4.18: Correlations Between Lecture Slide Usage and Change (Δ12) in Academic Self-Concept 
for various groups. Correlations are between student access of lecture slides, as measured by the number 
of times the file was viewed, the total time spent viewing the file, and the average time per viewing, and 
their change in academic self-concept. Correlations in italics are not significant at the 95% confidence 
level; bold indicates a significant correlation. Correlations shown are only for specific groups of students 
(with sub-scores as shown in parentheses) as shown in the left-hand column. Students were grouped based 
on their initial attitudes and self-concepts, as measured by a survey in the first week of CHEM 101. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of Times .196 .022 138
Total Time .149 .080 138
Average Time .136 .112 138
Number of Times .191 .093 78
Total Time .226 .047 78
Average Time .228 .045 78
[Benefit]                          
Started Above Avg     
(3.47 - 3.96)
Creative Self-Concept 
Started High                     
(5.83+)
 
 
 
 
For students who started with the lowest initial belief that technology is beneficial, 
viewing lecture slides was correlated positively with a change (Δ12) in their creative self-
concept (rs = .316, p < .05 for number of accesses and rs = .322, p < .05 for total viewing 
time; Table 4.19, non-significant results in italics). The correlation accounted for 10% of 
the variance, which was on par with that observed for students with the highest initial 
belief that technology is beneficial in Table 4.17. Unlike the students above, these 
students did see a direct benefit between their use of the lecture slides and their final 
grade, which may have helped boost their creative self-concept, as well.  
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Table 4.19: Correlations Between Lecture Slide Usage and Change (Δ12) in Creative Self-Concept. 
Only students with the lowest initial belief that technology is beneficial (sub-score less than or equal to 
2.97 out of 5) are shown. Correlations are between student access of lecture slides, as measured by the 
number of times the file was viewed, the total time spent viewing the file, and the average time per 
viewing, and their change in creative self-concept. Students were grouped based on their initial attitudes 
and self-concepts, as measured by a survey in the first week of CHEM 101. Correlations in italics are not 
significant at the 95% confidence level; bold indicates a significant correlation. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of Times .316 .023 52
Total Time .322 .020 52
Average Time .247 .078 52  
 
 
 
4.4.2. OWL 
 
All of the positive correlations between changes in self-concepts and time spent on OWL 
were for the average time spent on a problem. (Individual OWL problems were not 
analyzed here because all OWL problems were educational in nature.) Most of those 
correlations were to changes in academic self-concept (Table 4.20), but students who 
started with the lowest initial belief that technology is beneficial had a significant, 
positive correlation between their average time on OWL problems and changes (Δ12) in 
their chemistry self-concept (rs = .269, p < .05). These students did see a positive 
correlation between their grades and their average time on OWL, as well. 
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Table 4.20: Correlations Between Average Time Viewing OWL Problems and Change (Δ12) in 
Academic Self-Concept. Correlations shown are for all students and for specific groups of students as 
shown, with sub-score ranges as shown in parentheses. Students were grouped based on their initial 
attitudes and self-concepts, as measured by a survey in the first week of CHEM 101. Changes in self-
concept were measured by the difference in the sub-score between the first and second survey. All 
correlations shown are significant at the 95% level or better.  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
All Students .101 .016 576
Benefit                                             
Started Below Avg (2.98 - 3.46)
.192 .003 231
Academic Self-Concept        
Started Above Avg (5.49 - 6.25)
.160 .019 214
Creative Self-Concept            
Started Below Avg (4.13 - 4.97)
.179 .012 198
 
 
 
 
All students, when grouped together, did show a significant, positive correlation between 
average time spent on OWL problems and changes (Δ12) in academic self-concept (rs = 
.101, p < .05; Table 4.20). As shown in Chapter 5, there was a benefit to spending more 
time on an OWL problem, which resulted in more learning and, as shown here, an 
improved confidence in ones academic abilities. All of the groups shown in Table 4.20 
also had correlations between their final course grades and average time spent on an 
OWL problem.  
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4.5. Discussion 
4.5.1. The Self-Concept Reality Check 
 
Some students enter their first year in college overconfident in their academic abilities 
and in their abilities at chemistry. This was observed both in the literature (Potgieter et 
al., 2010) and in this study (section 4.2.1). Potgieter noted that overconfidence was a key 
risk factor in students dropping a class. This study observed that students who came in 
overconfident usually had adjusted by the end of the first term of general chemistry. This 
was the “reality check” observed of many of the CHEM 101 students. Initial chemistry 
self-concepts were much higher than chemistry self-concepts at the end of CHEM 101, 
resulting in negative Δ12 chemistry self-concepts for many students. The same was true 
for Δ12 academic self-concepts and Δ12 creative self-concepts. 
 
The drop in self-concept from the first survey to the second survey meant that students 
felt less confident about their academic and chemistry skills at the end of CHEM 101 
than they did at the beginning (“reality check”). While this would be a problem if 
students’ self-concepts continued to decline after the first term, this was not the case. It 
was observed, at least for chemistry and creative self-concept, that after the initial drop in 
self-concept, it recovered some in the subsequent term (Table 4.4). This reality check 
does seem to be likely of any student, but more likely with those who have higher initial 
self-concepts, either because they are more likely to be overconfident or because they 
have more room for their self-concept to drop. Furthermore, a large initial drop is more 
likely for students in majors where no more chemistry classes beyond general chemistry 
are required (see Figure 4.1).  
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The root of the reality check appears to be students learning how much chemistry they 
still do not know. Though the methods in this study looked at correlations only and did 
not establish causation, the correlations with decreases in self-concept did have 
something in common: they all correlated to resources from which students could learn. 
That is, the reality check occurred when students studied the lecture slides or exam 
answers on Bb Vista but not when they accessed the lab rubrics or instructor contact 
information. OWL usage, as measured by the number of accesses, was also negatively 
correlated with change in chemistry self-concept. The same appears to be true of a reality 
check in academic self-concept. Though a reality check of creative self-concept was 
observed through the surveys, it did not appear to be correlated to any of the activity 
measured in this study. As CHEM 101 was not structured to encourage creative thinking, 
this is not particularly surprising.  
 
4.5.2. Changes in Attitude 
 
While there were no significant correlations between student performance in chemistry 
and changes in students’ desire to gain science and technology knowledge, there were 
correlations between that desire to gain science knowledge and performance in general 
chemistry (Table 4.9). The correlation remained nearly constant across all three surveys. 
This finding is consistent with what would be expected according to the Theory of 
Planned Behavior (TPB). Specifically, the desire to gain science and technology 
knowledge would provide motivation for the pursuit of science knowledge, including 
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chemistry. If chemistry is also viewed as a technology with positive benefits, then it 
follows that there would be a correlation between students who believe technology is 
beneficial to mankind would have an increased motivation to learn chemistry. A 
correlation between a student’s belief that technology is beneficial and their final course 
grades was also observed, though with less strength than the correlation with a student’s 
desire to gain science knowledge. 
 
Correlations between a student’s desire to gain science and technology knowledge and 
their online usage centered on the negative correlation between that attitude and its 
negative correlation with Bb Vista usage. While it was initially assumed that the 
correlation was observed because students were wasting their time online looking at junk, 
no evidence was found to support that. Instead, the negative correlation was between 
desire to gain science knowledge and viewing of either lecture slides or exam answers, 
both resources with much chemistry information. The theory currently proposed is that 
certain students felt overwhelmed by the amount of chemistry information available and, 
as a result, felt a slightly lower desire to pursue science knowledge. 
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4.5.3. Positive Correlations with Change (Δ12) in Self-Concept 
 
As has been observed in another study, there appears to be a positive feedback loop 
between achievement and self-concept (Pinxten et al., 2010). When students saw their 
grades improve, or felt they were learning more, their self-concept increased (see section 
4.4). However, that feedback loop was not the only positive source of change in self-
concept for students. As was also seen above, some students’ self-concepts improved 
without immediate, or any, improvement in their grades coinciding with their online 
activities. Whether it was confidence gained from seeing right answers online, or 
preference for viewing lectures on the computer, or something else entirely is not known 
at this time. However, grades alone are not the source of these positive correlations with 
changes in self-concept. 
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Chapter 5. ANALYZING STUDENT SUCCESS USING OWL 
5.1. Introduction 
 
It is not practical or effective for students to learn chemistry exclusively in the classroom; 
studying outside of class is essential to success. As previously mentioned, there have 
been a number of studies on effective study habits. It has been suggested that altering 
one’s location or changing subjects to keep the mind fresh help improve information 
retention (Carey, 2010). Surprisingly, spending a lot of time studying has not been shown 
to correlate with success. Rather, effective study habits, such as concentrating on the 
subject, were necessary for a positive relationship between study time and achievement 
(Nonis & Hudson, 2010). However, most research on study habits has been in social 
science or business classes, which leaves the question: what is essential to successful 
studying of chemistry? 
 
The setup of the OWL homework system provided a way to study student effort on 
individual problems. As was mentioned in previous chapters, the types of chemistry 
topics chosen were those in which students performed well all term (i.e., from time of 
introduction in the class until the end of the term), those in which students performed 
poorly all term, and those in which students showed great improvement over the term. 
The selection of the individual chemistry topics (i.e., stoichiometry, Lewis dot structures, 
etc.) that were associated with the three categories were done so without any prior 
knowledge of the time students had spent on the related homework problems. Each topic 
was chosen solely based on comparisons of student performance on topic-related 
questions on a mid-term exam versus performance on a similar question on the final 
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exam. It is also important to note that the partitioning of the topics was based on overall 
class averages for each problem and not on individual student performance.  
 
The ability to identify individual student answers on each exam allowed analysis of how 
students performed for each type of exam question on the in-term exams and the final 
exams. For each chemistry topic, students were sorted into one of four categories: wrong 
on both exams (WW), right on the in-term and wrong on the final exam (RW), wrong on 
the in-term and right on the final exam (WR), and right on both exams (RR).  
 
5.2. Comparison of Student Successes and Failures 
5.2.1. Homework Behaviors 
 
As can be seen in Figure 5.1, student usage of OWL varied greatly between problems on 
which students performed well during the term, problems on which they performed 
poorly during the term, and problems on which students improved over the term. 
Analysis of the difference shows the significance to be unexpectedly large: p < .001 
(Welch’s F(2, 2881.2) = 88.645); post-hoc analysis confirms that each of the three 
categories is significantly different from the others. In all, students spent an average of 
8.4 minutes on the two problems in which they performed well, 11.7 minutes on the two 
problems in which they performed poorly, and 14.7 minutes on the two problems in 
which they improved their performance over the term. (Note: Figure 5.1 only shows three 
of the topics separately, not as grouped in ANOVA. Problems where students performed 
well on the in-term exams and poorly on the final were not included in this analysis 
because this behavior was only observed individually, not as a class.) These differences 
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can be attributed, in part, to the different chemistry topics that were being tested. That is, 
Calorimetry or Stoichiometry (students improved performance) questions may take 
longer to answer than Electronegativity or Lewis Dot Structures (high student 
performance) questions. However, each category is a combination of two different types 
of chemistry questions, each with their own solution time. The observation also 
reinforces the idea that more time spent studying can improve student performance, but is 
mitigated by the fact that the subjects at which students performed best had the lowest 
total time, which matches with the observation made in Chapter 3.5 that time spent on 
OWL and student performance are negatively correlated. 
 
 
 
 
Figure 5.1: Comparison of the Mean Total Time Students Spent on Various OWL Problems. 
Enthalpy was a topic in which students performed poorly all term, Lewis dot structures was a topic in 
which students performed well all term, and calorimetry was a topic in which students improved their 
performance during the term. Error bars represent the 95% confidence interval for the mean of each group. 
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Topics in which students performed poorly all term showed a significantly greater 
number of attempts per OWL problem than either topics in which students improved or 
performed well all term. Again the difference between the three groups (seen in Figure 
5.2) was found to be significant at greater than the 99.99% level (Welch’s F(2,3119.1) = 
32.720, p < .001), but post-hoc analysis only showed differences between the low 
performance group and the other two; there was no significant difference between high 
performance and great improvement. The result seemed counterintuitive if total time 
studying was the only driving force behind student success. However, it does appear to 
mimic, in a microcosm, the seemingly contradictory results reported in various studies, as 
reviewed by Nonis and Hudson, where time spent on homework both added to and 
detracted from student success (Nonis & Hudson, 2010). A study using student journals 
to track homework time found no correlation between student study time and student 
success (Schmidt, 1983). However, another study found that first-year college students 
saw increased grades from increased study time (Michaels & Miethe, 1989), and another 
study found that students with less free time for studying performed better (as measured 
by GPA) than students with more free study time (Ackerman & Gross, 2003). 
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Figure 5.2: Comparison of the Mean Number of Attempts Per Problem on Various OWL Problems. 
Enthalpy was a topic in which students performed poorly all term, Lewis dot structures was a topic in 
which students performed well all term, and calorimetry was a topic in which students improved their 
performance during the term. Error bars represent the 95% confidence interval for the mean of each group. 
 
 
 
Figure 5.3 shows a much different picture than either Figure 5.1 or Figure 5.2. Students 
spent roughly 1.6 minutes per attempt at either the problems on which they performed 
well all term or the problems on which they performed poorly all term, but 2.8 minutes 
per attempt on problems where they showed significant improvement over the term – 
nearly double the amount of time. The difference between groups was more significant 
than either of the other comparisons (Welch’s F(2,3016.6) = 108.075, p < .001), and post-
hoc analysis confirmed that the difference was between the great improvement and the 
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students time to go beyond just trying to find a solution and get at the conceptual issues 
behind the problem.  
 
 
 
 
Figure 5.3: Comparison of the Average Time per Attempt on an OWL Problem for Various OWL 
Problems. Enthalpy was a topic in which students performed poorly all term, Lewis dot structures was a 
topic in which students performed well all term, and calorimetry was a topic in which students improved 
their performance during the term. Error bars represent the 95% confidence interval for the mean of each 
group. 
 
 
 
If concentrating on a problem helps improve understanding as may be suggested by these 
data, it also explains why students accessed the low performance problems more often 
than any other problem (Figure 5.2). For those problems where students didn’t improve 
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which is time-independent. Furthermore, the idea that concentrating on homework is an 
effective studying strategy has support in the current literature (Nonis & Hudson, 2010). 
Nonis and Hudson’s study looked at 23-year-old students attending a business school in 
the South and issued the students surveys to assess student study habits. The authors 
correlated student success, as measured by GPA, with student responses to the survey, 
while controlling for the ability to concentrate, as measured by the total time reported 
studying divided by their number of study sessions. Greater concentration led to greater 
GPA’s.  
 
Using the three measurements of online activity, it may be possible to identify which 
chemistry topics are proving difficult for students, as outlined in Table 5.1. Given that the 
matrix was derived from a composite of the entire class, it would be best applied to a 
class as a whole, rather than to individual students. When combined with exam results, 
this could be an effective means of identifying chemistry concepts that need more 
attention in class. 
 
 
 
Table 5.1: Summary of OWL Usage Profiles for Determining Likely Student Success on Specific 
Chemistry Topics. The summary is broken into three usage categories: average time per OWL attempt, 
total number of attempts per OWL question, and the total time spent on a given OWL question. Based on 
these usage profiles, one can predict whether most of the students in a chemistry course will perform well 
on a given chemistry topic, whether they will improve without further attention from an instructor, or if the 
class will need additional instruction to improve their understanding of the topic. OWL usage was 
calculated as an aggregate of all students in CHEM 101. 
 
Average Time 
Number of 
Attempts Total Time 
Consistently high performance Short Minimum Low 
Performance unlikely to 
improve without intervention Short High Moderate 
Performance likely to improve 
without intervention Long Minimum High 
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For electronegativity and Lewis dot structures, where the class, as a whole, performed 
well during the entire term, the ease of the subject may have come from the fact that both 
topics were discussed only on a surface level, rather than in depth. The same was true for 
all periodic trends, not just electronegativity. For both topics, once students learned to 
rely on the periodic table to yield most of the answers (either by counting the number of 
electrons donated by an atom or by looking at an atom’s position in a period trend), there 
was little challenge. The exam problems, too, simplified the problems as both are easier 
to answer when given a set of possible answers rather than generate answers without 
assistance. Testing a student’s grasp of molecular structures by multiple choice does not 
allow them to incorrectly draw a molecule, which could expose a weakness in their 
understanding. A surface-level understanding of both of these topics is usually enough to 
recognize the mistakes in multiple choice problems. 
 
The topics in which students improved on their own, calorimetry and stoichiometry, 
struck on many students’ weakness: word problems. These problems contain a lot of 
information in the problem statement and students must learn to mine the problem for the 
relevant details and numbers. To continue, students must then synthesize the method for 
completing the problem as there are no pre-solved formulas that will yield a quick 
solution. Learning to do this effectively takes time, but once a student grasps the concept, 
they usually can do it reliably for the rest of the term, and as students see stoichiometry 
problems in a number of different situations during the term, they start to see the problem 
from different perspectives, which gives them more chances to improve. Since both 
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topics have similar methodologies for solving the problems, it is not a surprise that 
students performed similarly on both.  
 
Standard molar enthalpy and bond property questions share some features with 
calorimetry and stoichiometry questions, specifically more word problem confusion. 
Enthalpy questions look very similar to the two topics above, and bond property 
questions ask students to look at charts to draw conclusions. Unlike the above topics, 
however, students did not improve over the course of the term. Enthalpy and bond 
properties have two significant differences from calorimetry and stoichiometry that most 
likely kept students from improving during the term. The first is that enthalpy and bond 
property problems are more conceptual in nature than calorimetry and stoichiometry. The 
second is that both have counterintuitive concepts that many students struggle to keep 
straight: short bonds mean strong bonds and negative enthalpy is heat released, not 
consumed. The sign convention in enthalpy is especially confusing as it is arbitrary and 
may be confused with the sign convention used in physics (i.e., chemistry prefers to 
consider heat transfer out of a system negative, while physics prefers to designate that 
heat flow as positive). 
 
5.2.2. Differences by Major 
 
As was seen in Chapter 3, there were no significant differences in OWL usage between 
different majors. The comparisons between majors were made using all available OWL 
usage data, with no distinction made based on student performance. Since there were 
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significant differences in usage between the various chemistry topics, the potential 
differences between majors was investigated as a function of these categories. No 
significant differences were detected based on major; the pattern in each major reflected 
that found in Table 5.1. It appears as though study habits, as measured by required online 
homework activity, are independent of a freshman student’s choice of major. 
 
5.2.3. Correlations with OWL usage 
 
When examining OWL usage for all students, correlations were found between a 
student’s study habits and their final course grade (Table 5.2). In correspondence with the 
observation that concentration helped students improve their performance on certain 
chemistry topics, a significant positive correlation was observed between average time 
spent studying and a student’s final grade (rs = .180, p < .001). Similarly, a positive 
correlation was shown between total time spent studying and a student’s final grade, but 
the result had a lower effect size and was not significant at the 95% level. On the other 
hand, there was a significant negative correlation between the number of times a problem 
was accessed and a student’s final grade (rs = -.173, p < .001). This correlation matches 
with the observation that students accessed the OWL problems on which they performed 
poorly more often than other problems. It is logical to assume, then, that if a student 
repeatedly exhibits this behavior, that student’s grades will suffer as a result of lack of 
focus. Likewise, if a student repeatedly focuses on homework problems instead, they are 
more likely to be studying effectively. As a result, the student would be learning more 
and achieve a higher grade at the end of the term. Each of these correlations account for 
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about 3% of the variance in final grades, suggesting that concentrating on solving a 
problem, rather than repeatedly attempting a problem, result in increased learning.  
 
 
 
Table 5.2: Correlations (Spearman’s Rho, rs) between OWL Usage and Students' Final Fall (CHEM 
101) Grades. All students in the study were included in these correlations. Correlations in italics are not 
significant at the 95% confidence level; bold indicates a significant correlation (N = 844). 
Correlation 
Coefficient
Sig.            
(2-tailed)
Number of Times -.173 .00000
Total Time .059 .089
Average Time .180 .00000  
 
 
 
5.3. Comparisons of Student Successes grouped by Exam Performance 
5.3.1. Final Grades 
 
When students were compared based on their performance on any individual exam topic, 
one clear pattern for final fall grades was observed. The final fall grade increased for each 
group in the following order: WW, RW, WR, and RR (Figure 5.4). The exact difference 
between the four groups varied, but still showed this pattern. Analysis of variance 
showed very significant differences between final grades in all cases (Table 5.3). In most 
cases, post-hoc analysis shows the WW and RR to be significantly different from all 
other groups; RW and WR were usually not significantly different from each other, 
though for calorimetry and stoichiometry their scores were significantly different. 
Students who got the topic question right during the mid-term but wrong on the final 
consistently scored lower than students who got the topic question right on the final 
exam.  
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Figure 5.4: Comparison of Fall (CHEM 101) Final Course Grades as Grouped by Lewis Dot Exam 
Performance. WW indicates that students in this group answered the mid-term exam question on Lewis 
dot structures wrong and also answered the final exam question on that topic wrong. RW indicates that 
students answered the mid-term exam question correctly but answered the final exam question incorrectly, 
while WR indicates students who answered the mid-term question wrong but answered the final exam 
question correctly. RR indicates that these students answered the question correctly on both exams. Error 
bars represent the 95% confidence interval for the mean of each group. The thick lines at the top of the 
figure show which groups are significantly different from each other according to post-hoc tests. Groups 
under the same line are not significantly different from others under the same line. 
 
 
 
The results of this analysis are not very surprising considering that students who got a 
topic question correct on both exams are likely to have more chemistry knowledge than 
students who answered those same questions wrong on both exams. What is more 
surprising is that of the students who got a topic question correct, it was always the 
students who answered the question correctly on the final exam that ended with a higher 
final course grade. While some of this is, undoubtedly, the fact that the final exam 
counted for a greater percentage of the final course grade, this effect is seen for six 
different single questions on the final exam, and single questions didn’t affect a student’s 
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final course grade very much. It appears that attempting to correct gaps in knowledge 
from earlier in a term results in greater student success. Students who saw early success 
on the in-term exams may have not studied as effectively as was ultimately necessary. 
 
 
 
Table 5.3: Welch's F Analysis of Final Fall (CHEM 101) Course Grades as Grouped by Performance 
on Exam Topics. Each row is a comparison final course grades of the four groups for that chemistry topic 
(WW, RW, WR, and RR). DF1 is the degrees of freedom between the groups compared and is equal to the 
number of groups minus one. DF2 is the degrees of freedom roughly equal to the number of students 
compared after the group variances were harmonized. Sig. is the level of significance of the difference 
between the groups. 
F df1 df2 Sig.
Bond Properties 59.976 3 352.3 .000000
Enthalpy 48.306 3 435.3 .000000
Electronegativity 37.036 3 75.4 .000000
Lewis Dot 30.603 3 45.2 .000000
Calorimetry 95.941 3 21.7 .000000
Stoichiometry 66.233 3 209.0 .000000  
 
 
 
5.3.2. Enthalpy and Electronegativity 
 
Looking at individual student answers made it possible to answer the question of how 
successful students studied and how they differed, if at all, from students who failed to 
retain knowledge of a given subject. Initial observations (shown above) posited that 
concentrating on a problem to find the solution was more conducive to success than 
repeatedly attempting a problem until the answer was achieved. With each chemistry 
subject broken down by student success, the hypothesis that concentrating on a problem 
is a more effective study technique than repeated attempts could be tested. The results 
allowed the topics to be sorted into three groups. 
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The first group of topics is enthalpy and electronegativity. Standard molar enthalpy was 
initially classified as a subject where a large portion of students did poorly. As can be 
seen in Table 5.4, 56% of the students got the enthalpy question wrong on the mid-term 
exam and 48% got it wrong on the final, with 30% never getting a correct answer. 
Conversely, electronegativity (EN) was a subject where students largely did well and was 
classified, initially, as such. Individual exam results show that this was indeed the case, 
with 79% of the students getting the EN question correct on both exams. While these two 
topics showed very different student performance, these subjects were grouped here 
because neither showed any significant differences between how students approached the 
problems on OWL.  
 
 
 
Table 5.4: Percentage of Students at Each Level of Exam Success for Enthalpy and Electronegativity 
(EN). WW indicates that students in this group answered the mid-term exam question on the topic wrong 
and also answered the final exam question on that topic wrong. RW indicates that students answered the 
mid-term exam question correctly but answered the final exam question incorrectly, while WR indicates 
students who answered the mid-term question wrong but answered the final exam question correctly. RR 
indicates that these students answered the question correctly on both exams. 
Enthalpy EN
WW 30% 4%
RW 18% 8%
WR 26% 9%
RR 26% 79%  
 
 
 
On these two very different problems, the appearance of similar study habits may be 
coincidental rather than a shared conceptual reason. Electronegativity was a problem 
where most of the students got both exam questions correct, which left very few students 
in the other categories, which would have made detecting significant differences in study 
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patterns difficult. It is also a topic where most students either grasp it quickly or not at all, 
which may mean that their approach to the problem will not look all that different from 
the other groups as all may spend little time before moving on. Enthalpy, on the other 
hand, was one of the subjects that the majority of students performed poorly on, so this 
may be an example of all students adopting the same poor study methods when faced 
with a difficult problem. 
 
There were, however, some correlations between students’ approach to the 
electronegativity problem and a change in their chemistry self-concept (Table 5.5). There 
were significant negative correlations between the total time (rs = -.131, p < .01) and 
average time (rs = -.119, p < .01) spent on the electronegativity OWL problem and a 
student’s Δ12 Chemistry Self-Concept. As was observed in Chapter 4, these negative 
correlations may be due to a “reality check,” where students re-evaluate their skills at 
chemistry as they progress through their first term in college chemistry. Essentially, 
students came into CHEM 101 with higher views of their own chemistry abilities than 
when they finished CHEM 101 as a result of re-evaluating their personal assessment of 
their chemistry abilities. Students overwhelmingly performed well on EN-related exam 
questions, so this reality check may have taken place while students were learning more 
about electronegativity and re-evaluating their previous conceptions about the topic. If 
this is the case, then it would add credence to the hypothesis – learning and re-evaluation 
here was related to focused study (average time) and not repeated attempts (number of 
accesses).  
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Table 5.5: Correlations (Spearman’s Rho, rs) between Change (Δ12) in Chemistry Self-Concept and 
Time Spent on the Electronegativity OWL Problem. Time spent on the problem was measured in 
number of attempts per problem, total time spent on the electronegativity OWL problem, and average time 
spent per attempt on a problem. All students in the study were included in these correlations. Correlations 
in italics are not significant at the 95% confidence level; significant results are in bold (N = 533). 
Correlation 
Coefficient
Sig.            
(2-tailed)
Number of Times -.041 .330
Total Time -.131 .002
Average Time -.119 .005  
 
 
 
5.3.3. Bond Properties and Stoichiometry 
 
Questions about bond properties were also originally classified as problems on which 
students performed poorly. Students performed worse on this subject than they did on 
enthalpy questions, with 41% of the students never getting the bond property question 
correct on either exam (Table 5.6). In contrast, stoichiometry was a subject classified as 
one where students improved greatly over the term. Half of the students got the 
stoichiometry question correct on both exams and another quarter answered the final 
exam question correctly after being incorrect on the mid-term. There was definite student 
improvement on this chemistry topic. 
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Table 5.6: Percentage of Students at Each Level of Exam Success for Bond Properties and 
Stoichiometry. WW indicates that students in this group answered the mid-term exam question on the 
topic wrong and also answered the final exam question on that topic wrong. RW indicates that students 
answered the mid-term exam question correctly but answered the final exam question incorrectly, while 
WR indicates students who answered the mid-term question wrong but answered the final exam question 
correctly. RR indicates that these students answered the question correctly on both exams. 
Bond Prop. Stoich.
WW 41% 12%
RW 13% 11%
WR 28% 24%
RR 18% 54%  
 
 
 
For both stoichiometry (Welch’s F(3, 187.7) = 4.460, p < .01) and bond properties 
(Welch’s F(3, 344.6) = 8.445, p < .001), there were significant differences between how 
many times the OWL problem was attempted. For the bond properties problem, students 
who got it wrong on both exams (WW) were significantly different from all of the other 
students; the more successful students attempted the problem an average of 5 times, while 
those who got it wrong on both exams attempted it an average of 5.5 times.  
 
Similarly, more students who were more successful with stoichiometry accessed the 
relevant OWL problem fewer times than the other students (Figure 5.5). Post-hoc 
analysis only showed significant differences between students who got the topic right on 
both exams (RR) and those who did not (WW). Even though there is not a significant 
difference between students who got the problem wrong once, the pattern matches that 
seen with stoichiometry – greater success means less attempts on the OWL problem.  
  
 
161 
 
 
 
 
 
 
Figure 5.5: Comparison of the Number of Attempts of the OWL Stoichiometry Problem as Grouped 
by Exam Success on This Topic. WW indicates that students in this group answered the mid-term exam 
question on stoichiometry wrong and also answered the final exam question on that topic wrong. RW 
indicates that students answered the mid-term exam question correctly but answered the final exam 
question incorrectly, while WR indicates students who answered the mid-term question wrong but 
answered the final exam question correctly. RR indicates that these students answered the question 
correctly on both exams. Error bars represent the 95% confidence interval for the mean of each group. The 
thick lines at the top of the figure show which groups are significantly different from each other according 
to post-hoc tests. Groups under the same line are not significantly different from others under the same line. 
 
 
 
The observation that fewer attempts were made by students who were more successful 
could support the hypothesis that concentration on a problem is more effective than 
multiple, quick attempts. It may also be that students who were ultimately more 
successful and retained the required knowledge through the end of the term came to 
understand the concepts behind stoichiometry faster than the other students and, thus, 
didn’t need as many attempts to successfully complete the OWL problem.  
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For both of these topics, the calculations required were shorter than on other topics or, as 
with bond properties, not required at all. The time required would, thus, differ less 
between groups and make detection of significant differences in time spent on the 
problems difficult. Overall, there were very few students who made a large number of 
attempts on the bond property problems. Most students made an average of 5 attempts on 
the bond property problems. Only the students who made more attempts (5.5 for WW) 
stood out.  
 
As was seen with electronegativity, there were some correlations between changes (Δ12) 
in self-concept and the number of times a student accessed the OWL bond properties or 
stoichiometry problems (Table 5.7). These correlations, too, were negative but were not 
constrained to changes in chemistry self-concept. In both cases, the strongest and most 
significant correlations were with changes in academic self-concept, rather than 
chemistry self-concept. As suggested above, these negative correlations may indicate a 
“reality check” on the part of the student as that student learns their current limits in 
knowledge.  
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Table 5.7: Correlations (Spearman’s Rho, rs) between Changes (Δ12) in Self-Concept and Number of 
Times Students Accessed OWL problems. The table shows correlations for changes in chemistry, 
academic, and creative self-concept correlated with the number of times students attempted OWL problems 
on bond properties or stoichiometry. Correlations in italics are not significant at the 95% confidence level; 
bold indicates a significant correlation.  
Correlation 
Coefficient
Sig.            
(2-tailed)
Correlation 
Coefficient
Sig.            
(2-tailed)
Δ12_Chemistry Self-Concept -.087 .041 -.100 .018
Δ12_Academic Self-Concept -.107 .012 -.112 .008
Δ12_Creative Self-Concept -.093 .028 -.038 .374
Bond Properties                   
(N = 552)
Stoichiometry                         
(N = 558)
 
 
 
 
There were also significant negative correlations between the total time students spent on 
the stoichiometry problem and their Δ12 chemistry self-concept (rs = -.097, p < .05) and 
Δ12 academic self-concept (rs = -.119, p < .01); correlations with total time spent on the 
problem were not observed with the bond properties questions. The difference between 
the chemistry topics may have been of some importance here. While both problems had 
the same portion of students who answered the mid-term exam question wrong but 
correctly answered the final exam question correctly (WR), the majority of students in the 
bond properties problem got the question wrong both times (WW), while the majority of 
students in the stoichiometry question got the question correct both times (RR). Longer 
exposure may help continue (or start) the “reality check,” by exposing a student’s 
weakness in problems they ultimately understand.  
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5.3.4. Lewis Dot Structures and Calorimetry 
 
Exam questions on Lewis dot structures and calorimetry proved to be a source of success 
for many of the students during the term. True to their initial classifications, Lewis dot 
structures were correctly answered by most students on both exams (84% RR, Table 5.8) 
and most students vastly improved their performance on calorimetry calculations (56% 
WR) from mid-term to final. Neither chemistry topic had many students fail the pertinent 
final exam question. 
 
 
 
Table 5.8: Percentage of Students at Each Level of Exam Success for Lewis Dot Structures and 
Calorimetry. WW indicates that students in this group answered the mid-term exam question on the topic 
wrong and also answered the final exam question on that topic wrong. RW indicates that students answered 
the mid-term exam question correctly but answered the final exam question incorrectly, while WR indicates 
students who answered the mid-term question wrong but answered the final exam question correctly. RR 
indicates that these students answered the question correctly on both exams. 
Lewis Dot Calorimetry
WW 3% 6%
RW 6% 1%
WR 7% 56%
RR 84% 38%  
 
 
 
These two topics were grouped together because they both showed significant differences 
in the average time spent on their respective OWL problems (Welch’s F(3, 53.2) = 5.501, 
p < .01 for Lewis dot structures and Welch’s F(3, 14.7) = 18.380, p < .001 for 
calorimetry; Table 5.9, non-significant results in italics). As can be seen in Figure 5.6, 
students who spent more time per attempt at the calorimetry problem had greater success 
on the final exam. Those who got the exam problems wrong both times spent less than 
half as much time on the OWL problem as did those students who were right both times. 
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Post-hoc analysis showed that each group was significantly different from the others, 
except for RW, which only had 6 students and high error. Problems on Lewis dot 
structures also followed the pattern that higher average time per problem attempt 
corresponded to more success. Students who answered the question right on both exams 
spent 30 seconds more per problem attempt than did students who got the question wrong 
on both exams, a significant difference according to post-hoc tests.  
 
In contrast with bond properties and stoichiometry, these problems had longer 
calculations or setup, which made detecting differences in average time easier. In the case 
of Lewis dot structures, the setup is the drawing of possible structures and counting 
electrons. Students spent an average of 15 minutes (total) on the calorimetry problems but 
only 8 minutes on stoichiometry so, despite the improvement students showed in both 
topics, detecting differences in time spent on the problem was much more likely with 
calorimetry than stoichiometry.  
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Figure 5.6: Comparison of the Average Time Per Attempt on the OWL Calorimetry Problem, as 
Grouped by Exam Success on This Topic. WW indicates that students in this group answered the mid-
term exam question on calorimetry wrong and also answered the final exam question on that topic wrong. 
RW indicates that students answered the mid-term exam question correctly but answered the final exam 
question incorrectly, while WR indicates students who answered the mid-term question wrong but 
answered the final exam question correctly. RR indicates that these students answered the question 
correctly on both exams. Error bars represent the 95% confidence interval for the mean of each group. The 
95% confidence interval for the RW group extends into negative seconds and thus is not fully shown on the 
graph. The thick lines at the top of the figure show which groups are significantly different from each other 
according to post-hoc tests. Groups under the same line are not significantly different from others under the 
same line. 
 
 
 
These results support the hypothesis that concentrating on a problem is more effective 
than repeatedly attempting a problem until a correct answer is obtained. Students’ 
activities on these OWL problems also differed significantly on total time spent (Welch’s 
F(3, 15.9) = 27.193, p < .00001 for calorimetry; Table 5.9) and number of accesses 
(Welch’s F(3, 42.2) = 3.645, p < .05 for Lewis dot structures). The pattern seen for 
number of accesses on the Lewis dot questions matched that seen with bond properties 
and stoichiometry; the students who were most successful had the fewest number of 
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attempts at the problem. As was suggested above, this may either point to concentration 
being important or more successful students grasping the concept sooner. 
 
 
 
Table 5.9: Welch's F Analysis of OWL Problem Usage as grouped by Performance on Exam Topics. 
The chart shows comparisons of students’ usage of OWL as measured by total number of attempts per 
OWL problem, total time on an OWL problem, and average time spent per attempt on an OWL problem for 
OWL topics Lewis dot structures and calorimetry. DF1 is the degrees of freedom between the groups 
compared and is equal to the number of groups minus one (WW, RW, WR, RR). DF2 is the degrees of 
freedom roughly equal to the number of students compared after the group variances were harmonized. Sig. 
is the level of significance of the difference between the groups. Italics indicates the results are not 
significant at the 95% confidence level; bold indicates a significant result. 
Method: Welch's F F df1 df2 Sig.
Number of Times 3.645 3 42.2 .020
Total Time 1.753 3 43.3 .170
Average Time 5.501 3 53.2 .002
Number of Times 1.050 3 13.7 .402
Total Time 27.193 3 15.9 .000002
Average Time 18.380 3 14.7 .00003
Lewis Dot 
Structures
Calorimetry
 
 
 
 
As can be seen in Figure 5.7, the greater the time spent on the OWL calorimetry problem, 
the greater a student’s success. Table 5.2 showed no significant correlation between total 
time spent on OWL and a student’s final course grade. However, this was the only 
problem of the six chosen that showed significant differences between students in the 
total time spent on the problem. Post-hoc analysis divided the students into three 
significantly different groups: those who answered the final exam question wrong (WW 
and RW), those who improved (WR), and those who answered both the mid-term and 
final exam question correctly (RR). The most successful students spent an average of 25 
minutes on the OWL calorimetry problem, while those who never grasped the 
calorimetry problem spent only 11 minutes total. In most of the chemistry topics studied, 
total time on task showed little difference between students. When total time did make a 
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difference, it appears to have been a positive one. Coupled with the differences in average 
time spent per attempt, this certainly suggests that focusing on a problem for more quality 
exposure does produce better results.  
 
 
 
 
Figure 5.7: Comparison of the Total Time Spent on the OWL Calorimetry Problem as Grouped by 
Exam Success on That Topic. WW indicates that students in this group answered the mid-term exam 
question on calorimetry wrong and also answered the final exam question on that topic wrong. RW 
indicates that students answered the mid-term exam question correctly but answered the final exam 
question incorrectly, while WR indicates students who answered the mid-term question wrong but 
answered the final exam question correctly. RR indicates that these students answered the question 
correctly on both exams. Error bars represent the 95% confidence interval for the mean of each group. The 
95% confidence interval for the RW group extends into negative seconds and thus is not fully shown on the 
graph. The thick lines at the top of the figure show which groups are significantly different from each other 
according to post-hoc tests. Groups under the same line are not significantly different from others under the 
same line. 
 
 
 
Correlations between students accessing the Lewis dot problems and changes in student 
self-concept (Table 5.10) matched those seen for student access of the stoichiometry 
problems (Table 5.7). As before, the number of times a student accessed the OWL 
problem correlated negatively with a change in that student’s chemistry and academic 
self-concepts; the same was true for the total time spent on the problem. Similarly, the 
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stronger correlation is for the change in academic self-concept, rather than chemistry self-
concept, though the difference is very small. Whatever the underlying cause of the 
correlations observed here, it is likely to be the same as in the stoichiometry problems, 
where it was proposed that a “reality check” for the students’ self-concept was being 
observed. What were not observed were any correlations between average time spent on 
the Lewis dot problems and changes in student self-concept.  
 
 
 
Table 5.10: Correlations (Spearman’s Rho, rs) between Changes (Δ12) in Self-Concept and Student 
Access of Lewis Dot Structure OWL Problems. The table shows correlations for changes in chemistry 
and academic self-concept and the number of times students attempted OWL problems on Lewis dot 
structures or the total time spent on that OWL topic (N = 563).  
Correlation 
Coefficient
Sig.            
(2-tailed)
Δ12_Chemistry Self-Concept -.085 .044
Δ12_Academic Self-Concept -.100 .018
Δ12_Chemistry Self-Concept -.092 .030
Δ12_Academic Self-Concept -.100 .018
Number of Times 
Accessed
Total Time 
Accessed  
 
 
 
Calorimetry was the only one of the six topics where more than a quarter of the students 
improved from getting the question wrong on the mid-term to getting it correct on the 
final, and more than half of the students accomplished this turn-around. Perhaps as a 
result of this unique profile, correlations between students accessing the calorimetry 
OWL problem and changes in student self-concept showed the only positive correlations 
of the six OWL problems (Table 5.11). The correlations were primarily with average 
time spent on the problem (rs = .153, p < .001 for Δ12 academic self-concept and rs = .093, 
p < .05 for Δ12 chemistry self-concept), though there were some related correlations in 
total time accessed, but with weaker effect size and significance.  
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Table 5.11: Correlations between Changes (Δ12) in Self-Concept and Student Access of Calorimetry 
OWL Problems. The table shows correlations for changes in chemistry and academic self-concept 
correlated with the total time students spent on Calorimetry OWL problems and the average time spent per 
attempt on that OWL topic. Correlations in italics are not significant at the 95% confidence level; bold 
indicates a significant correlation (N = 554). 
Correlation 
Coefficient
Sig.            
(2-tailed)
Δ12_Chemistry Self-Concept .071 .093
Δ12_Academic Self-Concept .131 .002
Δ12_Chemistry Self-Concept .093 .028
Δ12_Academic Self-Concept .153 .0003
Total Time 
Accessed
Average Time 
Accessed  
 
 
 
Comparing this observed outcome with the other four OWL problems with significant 
correlations (with self-concept), it appears there may be two competing causes behind the 
correlations between changes in student self-concept and student access of OWL 
problems. As observed in four of the OWL problems, a reality check where students re-
evaluate their self-concept based on their experiences in the class is the likely cause 
behind the negative correlations observed. On the other hand, as observed with the 
calorimetry problem, there is a certain amount of learning that is taking place, which 
should correlate positively with changes in self-concept. If the hypothesis that 
concentrating on a subject is better for learning than repeated attempts, it would be 
expected to find the positive correlation between average time on a problem and changes 
in self-concept, which was observed for calorimetry problems.  
 
It was first assumed that the positive correlations in the Calorimetry problems were due 
to the large number of students in the WR category, who had the most to learn (and 
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actually learned) on this subject. However, when the correlations were separated into 
groups based on students’ exam success (i.e., WW, RW, WR, and RR), it was not the 
WR students who showed positive correlations between average time on OWL problems 
and changes in self-concept, but students who were correct on both the mid-term and 
final exam (RR). As seen in Table 5.12, only the correlation with Δ12 academic self-
concept had a significant positive correlation with time spent on the calorimetry problem. 
The correlation with Δ12 chemistry self-concept was positive but not significant; the N 
was much lower (246) than the N for all students (554). One other chemistry topic 
showed positive correlations like calorimetry: standard molar enthalpy, which had shown 
no significant correlations across all students (see above). Like with calorimetry, the only 
students who showed this correlation got the enthalpy question correct on both exams. 
However, here the correlation was with Δ12 chemistry self-concept.  
 
 
 
Table 5.12: Positive Correlations (Spearman’s Rho, rs) between Changes (Δ12) in Self-Concept and 
Student Access of OWL problems (Group RR only). Correlations are only for students who answered 
the topic question correctly in both the mid-term and final exams. Row one shows correlations between 
changes in academic self-concept and student access of the calorimetry OWL problem; row two shows 
correlations between changes in chemistry self-concept and student access of the enthalpy OWL problem. 
Student access was measured in total time spent on a problem and average time per attempt of an OWL 
problem. Correlations in italics are not significant at the 95% confidence level; bold indicates a significant 
correlation. 
Correlation 
Coefficient
Sig.             
(2-tailed) N
Correlation 
Coefficient
Sig.                  
(2-tailed) N
Calorimetry 
(Δ12_AcademicSC) .179 .005 246 .168 .008 246
Enthalpy 
(Δ12_ChemSC) .057 .496 147 .182 .027 147
Total Time Average Time
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The students who were right on both exams (RR) would have been the least likely to 
experience a decrease from their initial self-concept, as they clearly understood at least 
some chemistry. As such, they would also be less likely to re-evaluate their initial 
chemistry self-concept downwards (i.e., a “reality check”, see Chapter 4) and thus the 
correlations observed (if any) are more likely to be a result of student learning reinforcing 
their self-concept.  
 
5.3.5. OWL Grades and Usage 
 
The OWL homework assignments were set up with the intention of being a self-teaching 
tool. As such, there were no restrictions on the number of times students could attempt 
the OWL problems assigned. (There were also OWL topics available that were not 
graded; very few students took advantage of this opportunity.) The OWL grade, which 
was only ten percent of the final fall grade, was assigned based on whether or not a 
student completed each assigned problem successfully, regardless of the number of 
attempts it took to complete. (Students could also retry problems that they had answered 
correctly.) However, not all students achieved a perfect score (100) on OWL; in fact, 
only 51% of the students achieved a perfect OWL grade. 28% got a mid-level grade 
(below 100 and greater than 85), while the remaining 21% received an OWL grade equal 
to or less than 85. Figure 5.8 shows that there were very significant differences between 
these students in their final fall course grades (Welch’s F(2, 346.5) = 168.100, p < .001). 
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Figure 5.8: Comparison of Fall (CHEM 101) Final Course Grades as Grouped by Final OWL Grade. 
Students were divided into three groups based on their final OWL grade: the highest possible grade, where 
students completed all OWL assignments, was 100 and the group was labeled “perfect score.” The other 
two groups were students whose OWL grade was less than 100 but greater than 85 (“mid”) and students 
who scored less than or equal to 85 on OWL (“low”). Error bars represent the 95% confidence interval for 
the mean of each group.  
 
 
 
As would be expected with such disparate groups, these students did not exhibit the same 
patterns of OWL usage. Contrary to the observations made above where successful 
students accessed individual problems fewer times, students who achieved an OWL score 
above 85 had significantly more OWL accesses (F(2, 841) = 7.303, p < .001) than 
students with a final OWL score less than 85. Students with a higher OWL grade also 
spent significantly more time on OWL (F(2, 841) = 11.133, p < .0001), which was not 
contradictory. However, while those differences were significant, they were not large. On 
average, students who had an OWL score less than 85 attempted each problem one less 
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time than did the students who got an OWL grade above 85, and spent 9 minutes per 
problem as compared to 12.  
 
These students did not differ significantly, however, in the average time spent per OWL 
problem (Figure 5.9). This means that the average time spent on OWL problem attempts 
is not related to the final OWL grade that a student achieved. That there was a 
demonstrable difference between accesses that went contrary to the observations made 
earlier simply means that the differences observed are much more complex than a two-
variable problem. 
 
 
 
 
Figure 5.9: Comparison of the Average Time per Attempt on an OWL Problem as Grouped by OWL 
Grade. Students were divided into three groups based on their final OWL grade: the highest possible 
grade, where students completed all OWL assignments, was 100 and the group was labeled “perfect score.” 
The other two groups were students whose OWL grade was less than 100 but greater than 85 (“mid”) and 
students who scored less than or equal to 85 on OWL (“low”). Error bars represent the 95% confidence 
interval for the mean of each group.  
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5.3.6. Expected Ranges for Classifying Chemistry Topics 
 
Based on the percent of students in each category of success on chemistry topics (WW, 
RW, WR, RR), expected ranges of student populations were estimated (Table 5.13). 
These estimated ranges can help to classify other chemistry topics (or re-classify the 
topics studied here) as topics where students performed well all term, poorly all term, or 
improved during the term. Again, no category for performance decreased during the term 
was created because so few students fit into RW. The utility of these ranges is limited to 
classification after the term is over as it looks at final exam scores for part of its 
classification. 
 
 
 
Table 5.13: Expected Range of Students in Each Achievement Category. 
This table shows the expected numbers of students in each achievement category (low performance, high 
performance, or improvement) with low and high boundaries for the number of students at each level. For 
example, students who answered both the mid-term and final exam questions wrong (WW) would likely 
make up between 30 and 100% of the students on a topic where students are not expected to improve over 
the course of the term (low performance), but only 0-10% of the student population on problems where 
students are likely to improve over the course of the term (improvement). Students who answered both 
exam questions correctly (RR) would be expected to make up 75-100% of the class for a topic in which the 
class performed well all term. 
Low High Low High Low High
WW 30% 100% 0% 5% 0% 10%
RW 10% 20% 5% 10% 5% 10%
WR 20% 25% 5% 15% 25% 100%
RR 20% 25% 75% 100% 25% 50%
Low Performance High Performance Improvement
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5.4. Recommendations for Improving OWL 
 
Finding methods to encourage students to work at a problem longer may help struggling 
students master a topic that has frustrated them. Instead of allowing unlimited attempts at 
an OWL problem, imposing a limit on the number of attempts may make students focus 
on the problem longer if they feel they may use up their attempts. The cap could be set 
high so as not to lose the original intent of OWL as a teaching tool, but at the same time 
give students motivation to think on an answer longer before submitting it. The increased 
time spent on a single problem should be beneficial and should move students out of the 
“no improvement” category. Also, it would prevent students from cycling through the 
problems until the same exact question came up again, which teaches them nothing. If 
possible, finding problems that encourage longer setup and calculation may also be of 
benefit to the students. 
 
In order to determine a cap that would encourage students to think more about OWL 
problems but not punish most students with an exceptionally stringent limit, a quick 
analysis was run to see how many students in the current study would have gone over 
some arbitrary cap. The results for a cap of 12, 15, and 20 are shown in Table 5.14. A cap 
of 12 (or a more lenient 15) is suggested. In every case, the students who would have 
been over the cap had a lower average final grade than did those who did not exceed the 
limit. This was true for caps at 12, 15, or 20. Table 5.15 compares the final grade means 
of students at or below a gap of 12 OWL attempts with the grades of students who made 
more than 12 attempts on any given OWL problem. 
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Table 5.14: Number of Students above OWL Access Cap. 
The cap (on the left) is a proposed limit on the number of attempts a student could make on an OWL 
problem for credit. The percentages on the right are the percent of students in the current study who would 
have gone over the cap on each OWL problem monitored (enthalpy, bond properties, electronegativity, 
Lewis dot structures, stoichiometry, and calorimetry).  
Cap Enthalpy Bond Prop. EN Lewis Dot Stoich. Calorimetry
12 16.1% 0.6% 2.5% 9.5% 1.4% 12.1%
15 10.2% 0.2% 1.4% 5.6% 0.9% 6.4%
20 4.7% 0.0% 0.9% 2.4% 0.6% 3.1%
Low Performance High Performance Improvement
 
 
 
 
 
 
 
Table 5.15: Comparison of Fall (CHEM 101) Final Course Grades between Students below or above 
OWL Access Cap of 12. Table shows the results of independent samples t-tests comparing the mean final 
fall grades of students who attempted each OWL topic 12 or fewer times with the final grades of students 
who attempted each topic more than 12 times. Mean final grades are shown in the second and third 
columns. Italics indicates the results are not significant at the 95% confidence level; bold indicates a 
significant result. 
Topic
Below Cap 
(mean)
Above Cap 
(mean) t df
Sig.             
(2-tailed)
Enthalpy 82.4 77.6 4.610 781 .000005
Bond Prop. 81.2 76.5 .796 4.0 .470
EN 81.4 70.2 2.638 19.3 .016
Lewis Dot 81.7 74.5 4.191 85.7 .00007
Stoich. 81.5 75.6 1.786 802 .075
Calorimetry 81.6 81.1 .362 794 .718  
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5.5. Discussion 
5.5.1. Recognizing Student Success 
 
The initial hypothesis that concentrating on a problem rather than repeatedly attempting a 
question is more effective for learning was found to be true. However, this was not 
necessarily true for all chemistry problems. The summary matrix (Table 5.1), while not 
perfect, can give teachers an idea of which topics are proving difficult for the majority of 
students. Table 5.13 shows the expected range of students who fall into each category 
(poor performance over the term, high performance over the term, and improved during 
the term) based on their exam performance. Unfortunately these numbers can only be 
seen after the exams and thus cannot help predict performance of students in that term.  
 
Average time was found to be higher for successful students on the calorimetry and 
Lewis dot structure problems, but not observed in any of the other individual problems. 
This may have been due, in part, to the short time needed to complete other problems, 
which meant that differences in average time were too small to detect significantly. 
However, average time on OWL (all problems together) did correlate positively with a 
student’s final fall course grade, which also suggests that focusing on a problem is an 
effective studying technique. Not surprisingly, then, the total number of attempts on an 
OWL problem was negatively correlated with success. This may have been due to a lack 
of concentration on finding a problem solution as well, though could have been because 
students who understand the concept would not need as many attempts on that subject (or 
it could have been a combination of the two).  
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5.5.2. Attitudes and Self-Concept 
 
While comparing changes in attitude or self-concept with OWL usage, there were no 
correlations with Δ12[GainSTKnowledge] or Δ12[Benefit], only self-concept. How 
interested a student is in learning about science or how confident they are that technology 
is beneficial may influence their use of online learning tools, but that influence does not 
change over the course of a term. The same is not true of self-concept, which appears to 
change more over the course of a term than attitudes towards science and technology. 
Since the aim of this first year chemistry course was to impart chemistry knowledge, 
rather than promote science in general, this observation is not unexpected.  
 
For most of the OWL problems, the changes in self-concept did appear to be a downward 
readjustment of a student’s self-concept. It appears that most of the students entered the 
class with inflated expectations of how much chemistry they knew and how good their 
academics were. These overly-confident students, once in the class, experienced a 
“reality check” and readjusted their self-concept lower as a result. This does not mean 
that the students failed to learn from the OWL assignments, but rather means that the 
students realized (most of the time) just how much they did not know prior to taking 
CHEM 101, which resulted in the negative correlation between changes in self-concept 
and time spent on OWL problems. This effect was observed for most of the OWL 
problems examined. 
 
For a few students who answered the mid-term question correct but the final exam 
question wrong (RW), it may be that they fell into a trap of false security in their 
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chemistry knowledge. Students in the RW group for any question had a lower final 
course grade than students who got the pertinent final exam question correct. That is, 
those students thought they understood the problem but either did not fully grasp the 
concept and could not apply it or they got the right answer on the mid-term by the luck of 
choosing the correct answer. In either case, these students may have felt they knew the 
subject and did not continue to study the content or brush up on it because they did not 
think they needed to do so.  
 
5.5.3. Improving OWL 
 
The recommendations for improving OWL as used in CHEM 101 and CHEM 102 
involve encouraging students to slow down on their calculations so that they take the time 
to focus on a problem and try to understand the concept rather than just look for a 
solution and move on. While allowing students unlimited attempts per OWL problem 
was meant to encourage students to use OWL as a learning tool, there are diminishing 
returns on the number of attempts a student makes on a given OWL problem. To that end, 
it was recommended the number of times a student can attempt an OWL problem for 
credit be capped. Table 5.14 and Table 5.15 explore the impact that a cap would have had 
on the class used in this study. A cap of 12 attempts was recommended as a balance 
between allowing students to explore the concept and encouraging students to slow down 
and not rush through a problem, all while having a minimum impact on how students 
have naturally used OWL.  
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Chapter 6. OPTIONAL ONLINE STUDYING AND FINAL GRADES 
6.1. Introduction 
6.1.1. Measuring Attitudes 
 
The idea that attitudes are important in learning is well established. Learning, when 
viewed as the outcome of actions taken by a student, has been tied to attitude since before 
1980. The “Theory of Reasoned Action” (TRA), proposed by Icek Ajzen and Martin 
Fishbein, states that attitudes and social factors lead to decisions to act, which in turn, 
usually lead to action (Ajzen & Fishbein, 1980). In 1985, Ajzen expanded on the TRA by 
adding perceived behavioral controls as an antecedent to intention and action itself, 
creating the “Theory of Planned Behavior” (TPB). Perceived behavioral controls, or 
“beliefs regarding the possession of requisite resources and opportunities for performing 
a given behavior,” act together with the attitudes and social factors used in the TRA to 
further influence a person’s actions (Madden et al., 1992). In theory, the more someone 
believes that they can accomplish a certain goal (increased perception of behavioral 
control), the more likely that person is to carry out the action they had planned. In the 
case of a student, the result may be that a student who plans to study actually sits down 
and studies, rather than distracting themselves from studying.  
 
Understanding attitude is the first step towards its measurement in a population. 
Throughout this study, the term “attitude” refers to a mental construct, a designation that 
has been in use since 1918 (Koballa, 1988). More specifically, attitude is a learned 
mental construct; that is, humans are not born with attitudes, but learn them throughout 
life (e.g., no one is born with an innate attitude towards chemistry). According to 
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Koballa, “attitude can be described as a learned predisposition to respond in a 
consistently favorable or unfavorable manner toward an attitude object” (Koballa, 1988). 
It is important to note that attitudes always have some object at the focus of the attitude; 
unlike feelings, attitudes cannot exist on their own.  
 
Attitudes themselves are formed from a person’s beliefs (i.e., knowledge, facts, and 
evaluation of those facts), which are easier than “attitude” to test directly (by asking 
questions about specific facts or evaluations of facts) (Koballa, 1988). In order to 
measure these beliefs and their underlying attitudes, a tool was needed, and it was 
decided to use one that had been previously validated for students similar to those in the 
current study. Prioritizing for newer surveys, the “Attitudes towards Science and 
Technology” survey (A-ST or ATST), developed by Gokhale, Brauchle, and Machina, 
was chosen. Their survey, which includes 30 questions, was validated for students 17-21 
years old and did not presuppose any scientific knowledge on the part of the respondent 
(Gokhale et al., 2009). Sample questions for two of the sub-scores extracted from the 
survey, “interest in gaining science and technology knowledge” and “science and 
technology are beneficial to mankind” are shown in Table 6.1. The questions were scored 
using a 5-point Likert scale.  
 
Part of what contributes to making decisions to act, according to the TPB, are perceived 
behavioral controls (Ajzen, 2002). To measure perceived behavioral controls, Bauer’s 
Chemistry Self-Concept Inventory (CSCI) was chosen (Bauer, 2005). Only 29 of the 
original 40 questions on the CSCI were used due to concern that 70 total survey questions 
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(30 from ATST and 40 from CSCI) would prove to be too many for the students taking 
the survey. The questions removed from the CSCI all related to the mathematics self-
concept category (calculated as a sub-score) and were removed because this self-concept 
was not of interest in this study. Sample questions of the self-concept sub-scores are 
shown in Table 6.1. The questions were scored using a 7-point scale, with 1 being “very 
inaccurate” and 7 being “very accurate.”  
 
Bauer defines self-concept as, “a cognitive evaluation of one’s ability in a domain, a 
person’s perception of self, an evaluation an individual makes and customarily maintains 
with respect to himself or herself, in general or specific areas of knowledge,” which he 
considers distinct from self-efficacy: “an ability to do something very specific” (e.g., run 
an NMR, take a test) (Bauer, 2005). Chemistry self-concept, then, is how a person views 
their ability to learn and apply chemistry knowledge. 
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Table 6.1: Samples of Questions from the Sub-Scores in the Survey. 
The number of the question in the survey appears after the text (e.g., Q4 = Question 4). The entire survey 
included 59 questions. Different categories (calculated as sub-scores) are listed in bold; sub-scores not used 
in this study were excluded from this table. ATST indicates the sub-score came from the Attitudes towards 
Science and Technology survey; CSCI indicates the sub-score came from the Chemistry Self-Concept 
Inventory. 
Interest in gaining science and technology knowledge (ATST) 
 
 
It is important for me in my daily life to know about science. (Q4)  
 
I am well informed about new inventions and technologies. (Q24) 
 
 
I like to watch science and nature shows on television. (Q27) 
 Science and technology are beneficial to mankind (ATST) 
 
 
Because of science and technology, work will become more appealing. (Q7) 
 
Benefits from science research have outweighed the harmful results. (Q13) 
 Chemistry Self-Concept (CSCI) 
 
 
I have never been excited about chemistry. (Q33) 
 
 
I find chemistry concepts interesting and challenging. (Q39) 
 
 
I am quite good at dealing with chemical ideas. (Q47) 
 Academic Self-Concept (CSCI) 
 
 
I’m good at most academic subjects. (Q43) 
 
 
I’m not particularly interested in most academic subjects. (Q45) 
 Creative Self-Concept (CSCI) 
 
 
I wish I had more imagination and originality. (Q38) 
 
 
I have a lot of intellectual curiosity. (Q46) 
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6.1.2. Effective Study Habits 
 
Research into effective study habits has produced very useful results, though the results 
tend not to be widely disseminated and frequently encounter resistance when 
encountered. For example, studies have shown that testing (i.e., exams) is just as 
important to the learning process as is homework; tests help students with recall of 
information at a later time (McDaniel et al., 2007; Roediger & Karpicke, 2006). As far as 
studying, spacing learning out over time helps to increase retention, as does switching 
rooms while studying, switching topics while studying, and studying in a room with a 
nice view (Carey, 2010). There is always, of course, a question about the effectiveness of 
homework. A review of 45 journal articles regarding research on online homework (some 
compared directly with paper homework) found that claims of homework effectiveness 
were frequently specious, as the research designs were usually suspect (Bonham et al., 
2003). As a result, the one conclusion that can be drawn from current literature is that 
online homework is no worse than paper-and-pencil homework and, in some cases, may 
be more effective. Then again, online homework may encourage a “plug-and-chug” 
method where students keep trying answers instead of trying to understand their mistakes 
at the conceptual level (Kortemeyer, 2006). Complicating matters with research about 
online homework (or any internet-based technology) is that technology changes rapidly, 
while research comes out very slowly. More than one paper has been published about a 
system that was outdated or no longer existed by the time of publication (Ngai et al., 
2007; Zerr, 2007). 
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Most studies of online homework systems have focused on their effectiveness as a 
teaching tool. The most thorough study comparing online homework with paper-and-
pencil homework was performed in multiple introductory physics classes in a large state 
university in North Carolina with a large engineering population (Bonham et al., 2001). 
Both algebra and calculus-based introductory physics classes were analyzed, with 
approximately 220 and 120 students, respectively. The authors compared online 
homework that gave feedback to students after wrong answers to paper homework that 
was graded, with a heavy focus on leaving feedback for the students. Students were 
randomly assigned to either the online homework section or the paper homework section. 
Student success was measured by two different metrics: class tests and the physics 
concept test (not for a grade). The results of the study showed that there was no 
significant difference between performance for students who were in the paper (control) 
or online homework group. According to the interviews, students were printing off the 
online homework and calculating it on paper and then entering their results online, which 
made it functionally the same as paper-and-pencil homework prior to feedback. Further 
analysis showed that initial GPA and various pre-tests available to the authors were 
significant predictors of student performance, whereas the type of homework (online or 
paper) assigned was not a significant predictor. The results of the study were the same 
regardless of which of the three methods of assessing success were used; all three showed 
the same results. The authors concluded that the pedagogy underlying the homework was 
much more important that the method of its delivery. Since the questions online and on 
paper were essentially the same, it is not surprising that there was no observed difference 
in student performance based on their homework method (Bonham et al., 2003). 
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In 2003, one of the dominant online course tool software packages available to colleges 
was WebCT. Designed as a classroom management system, it provided tools for teachers 
to develop their own online homework platforms as well as host other online materials. 
The program was widely adopted and its successor, Blackboard Vista, was used in the 
current study to host lecture slides and other classroom materials. WebCT was studied to 
see what factors influenced student use of the online platform (Ngai et al., 2007). 
Attitudes, specifically perceived ease of use and the usefulness of WebCT, were shown to 
have a weak, direct effect on student use of WebCT. It is perhaps surprising to see any 
effect at all, since the use of WebCT was required for the course. In all, 12% of the 
variance in student use of WebCT was explained by the authors’ TAM (technology 
acceptance model), but their measurement of WebCT use was based on student-reported 
surveys and not actual usage data from WebCT, so the conclusions of the study are 
limited. 
 
A study in an introductory environmental biology course at Michigan State University 
(MSU) showed a similar effect when they replaced passive classroom lectures with 
online homework assignments and formed a hybrid course (Riffell & Sibley, 2005).The 
hybrid course, which still had one active lecture per week, was compared with an 
otherwise identical course that had two passive classroom lectures (i.e., standard lecture 
in front of a class with no student interaction) and one active lecture per week (i.e., a 
lecture that focused on group exercises in lieu of standard lecture). The hybrid course 
used the LON-CAPA (LearningOnline Network with a Computer-Assisted Personalized 
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Approach; copyright Michigan State University Board of Trustees) homework system 
developed at MSU. The study showed that students in the hybrid course used the 
assigned textbook more than the traditional students, but there was only a slight increase 
in performance (approximately 10% increase in grades). The increase in performance was 
observed with the junior and senior students and not the younger students. 
 
6.1.3. The Current Study 
 
There is a continuing debate in the literature over whether or not technology can increase 
student learning. The preponderance of evidence seems to be in favor of a position 
somewhere between absolutely yes (Jonassen et al., 2003) and absolutely not (Clark, 
1994); the best results are achieved through a combination of real and virtual activities 
(e.g., Zacharia, 2007). In a meta-analysis of over a thousand papers on technology in the 
classroom, the preliminary conclusion reached by the authors was that moderate use of 
technology (neither too high nor too low) leads to the highest student achievement 
(Schmid et al., 2009). The theory is that technology that supports meta-cognition, or 
thinking about how to approach studying a subject, is the best and that excessive 
technology use results in cognitive overload, where students surpass the limit of 
information that can be assimilated at that time. In the end, technology is limited in its 
ability to increase achievement; meaningful content and effective pedagogy are still key 
to improving student success. 
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The issues surrounding technology use and online homework systems are complex. How 
attitudes, self-concept, and online course materials all interact with each other in a 
chemistry course has not yet been explored. This study aims to determine how the use of 
online materials is related to student success in chemistry and if incoming attitudes or 
self-concepts are correlated with that success. Knowing what is effective will give 
teachers and students valuable information to maximize effective studying. 
 
To answer these questions, the two surveys, ATST and CSCI, were combined and issued 
to students in General Chemistry I (CHEM 101) at Drexel University. The survey results 
were collated with their online activity in Blackboard Vista (the course management 
system that housed the course website) and an online homework system, OWL (Online 
Web-based Learning). After choosing subsets of online files for analysis, the students’ 
activities were classified by the number of times a file was accessed, the average time 
spent accessing the file, and the total time spent looking at that file, all measured over the 
entire CHEM 101 term. Results relating to student usage of OWL are not reported here. 
 
6.2. Methods 
6.2.1. The Cohort and Data Collected 
 
The students for this study were enrolled in the Drexel University CHEM 101 Fall 2009 
and the General Chemistry II (CHEM 102) Winter 2010 courses. The fall term had 977 
students who enrolled in the course, while the winter term had 868 students enrolled in 
the course. Of those 977 CHEM 101 students, 870 gave their permission to participate in 
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the study. Likewise, 763 of the CHEM 102 students gave their permission to participate 
in the study. 740 of the students who participated in the study completed both courses. 
 
Student attendance was not tracked in any of the lecture sections for CHEM 101. 
However, one lecturer used personal response devices (clickers) for acquiring student 
responses during lectures. The clickers were assigned one to a student and were used by 
the same student in each lecture. Use of the clickers was tracked by a receiving computer, 
which allowed for an approximation of lecture attendance. This approximation was used 
to track students who participated in the lectures that were tracked on Bb Vista (lectures 
1, 6, 17, and 20). The number of students who participated in at least one lecture and 
were a part of this study was 171. 
 
6.2.2. Blackboard Vista 
 
Blackboard Vista (Bb Vista) is the course management system (CMS) used by Drexel 
University for use by students and faculty. Students were not required to access Bb Vista 
for any grade-related activity. Bb Vista was managed by the instructors of CHEM 101, 
who posted various files for students’ use, such as course announcements, lecture notes, 
and contact information. No graded homework was assigned through Bb Vista. Of these 
various files posted, a selection was chosen to represent the options available to students. 
The files chosen belonged to four categories: contact information for the teachers, exam 
answers for the first in-term exam (posted after the exam was graded), grading rubrics for 
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the labs (lab 1 and 2 only), and lecture slides from the three lecturers in the course (4 
different lectures from each lecturer, for a total of 12 different lecture files).  
 
6.2.3. Monitoring of Online Activity 
 
The online activity of students was measured in the CHEM 101 course. While students 
had access to the same online course materials in both CHEM 101 and CHEM 102, no 
online activity was measured during CHEM 102. The decision to not monitor online 
activity in the second term was made to limit the amount of data being analyzed and to 
focus on CHEM 101 activity. Each of the variables used to measure online resource time 
looked at a different aspect of online resource usage. Total time measures the total 
amount of time a student spent with a course resource open while logged in to Bb Vista. 
The interest here is not the way a student divided up their time but on how important a 
given topic was over the course of the term. In contrast, the number of times a course 
resource was accessed shows how often a student went back to a given topic or file. High 
numbers would indicate repeated exposure, but carries no information on the time spent 
each viewing. The average time, however, does measure time spent during each viewing 
(by mean only), giving a measurement of whether each viewing was an in-depth 
interaction (high average) or a brief interaction (low average). Unfortunately, measuring 
time spent on a given Bb Vista file is not necessarily representative of the time spent 
using the course resource. Since any student could access a file and then print that file 
off, save it locally to their computer, or log out of Bb Vista with the file open, the 
recorded time spent looking at the file may not accurately reflect the time a given student 
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spent with a file. As such, the most reliable variable for measuring Bb Vista activity was 
the number of accesses for any given file. 
 
6.2.4. The Survey Instrument 
 
The survey instrument used for this study was comprised of two separate surveys: the 
Attitudes towards Science and Technology Survey (ATST or A-ST) (Gokhale et al., 
2009) and the Chemistry Self-Concept Inventory (CSCI) (Bauer, 2005). Both surveys 
were developed by the authors using an iterative method to obtain consistent answers and 
validated by reissuing the surveys to a test sample twice. All 30 questions of the ATST 
survey were used, but, due to concern over the length of the instrument, only 29 of the 
original 40 questions on the CSCI were used. The questions removed from the CSCI all 
related to the mathematics self-concept sub-score. The only change to the validated 
survey was the removal of those questions; the order and presentation of the other 
questions were unchanged in an effort to ensure that the validity of the CSCI was not 
damaged. The two portions of the final survey instrument were presented with the ATST 
portion first, followed by the CSCI. It was assumed that putting two surveys together 
would not invalidate their reliability, as it was assumed that taking two different surveys 
in a row does not affect their results. A total of 1971 valid surveys were collected over 
the course of two terms.  
 
In order to revalidate the surveys for use in this study, a statistics software program 
(SPSS 18) was used to run factor analyses using the principal component method with 
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Varimax rotation and Kaiser normalization (Field, 2009, p. 638). The loadings, a sample 
of which can be viewed in Table 6.2, are an expression of how much a given survey 
question correlates with (loads on) an underlying sub-score. A loading value of greater 
than 0.45 (absolute value) was required for a survey question to be included in a sub-
score. These were the same parameters used to analyze both the ATST (Gokhale et al., 
2009) and the CSCI (Bauer, 2005). 5 sub-scores were extracted from the 30 questions of 
the ATST, which factored into the same 5 sub-scores (factors 1-5, as seen in Table 6.3) 
listed by Gokhale et al. (2009). Of the original 30 questions, only two showed different 
loading than in the original paper. From the CSCI, 3 sub-scores were extracted: chemistry 
self-concept, academic self-concept, and creative self-concept, leaving out only one of 
the original four sub-scores: academic enjoyment. The questions that sorted into 
chemistry self-concept remained unchanged from the original paper, while the other three 
original self-concepts sorted into the new academic and creative self-concepts used in this 
study. The sub-score names and abbreviations can be seen in Table 6.3. Sub-scores can 
also be called “factors” or “principal components,” depending on the method used for 
calculation (here principal component analysis). However, sub-score was chosen as the 
term to be used in this study to simplify the discussion. 
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Table 6.2: Loading Chart (Rotated Component Matrix) for Selected Questions on Survey. 
Questions below (Q4, 7, 13, 24, and 27) correspond to the questions selected for Table 6.1. Italics show 
loadings below an absolute value of 0.45; bold is used to highlight loadings above 0.45. The sub-score 
numbers correspond to the sub-scores in Table 6.3. Only questions that loaded with an absolute value 
greater than 0.45 were used to calculate the corresponding sub-score. 
1 2 3 4 5
Q4 .568 .214 -.055 .186 .115
Q7 .216 .640 -.077 .037 .033
Q13 .205 .493 -.360 .017 .023
Q24 .564 .104 -.081 -.105 .039
Q27 .725 -.035 -.015 .021 .046
 
Sub-Score
 
 
 
 
 
 
Table 6.3: Sub-Score Labels and Their Abbreviations. 
Factors 1-5 are from the ATST (Gokhale et al., 2009); factors 6-8 are from the CSCI (Bauer, 2005). The 
label shows the full name for the given sub-score; the abbreviations are used only when space is limited. 
Sub-scores 3, 4, and 5 were not used in this study. 
Sub-Score Label Abbreviation
Sub-Score 1:
Interest in gaining science and 
technology knowledge
[GainSTKnowledge]
Sub-Score 2:
Science and technology are beneficial 
to mankind
[Benefit]
Sub-Score 3:
Concern that science and technology 
are dangerous to human-kind
[Concern]
Sub-Score 4:
Appropriateness of science and 
technology for women
[ApproFemale]
Sub-Score 5:
Men and women have equal 
opportunity in science and technology
[EqualOpp]
Sub-Score 6: Chemistry Self-Concept ChemSC
Sub-Score 7: Academic Self-Concept AcademicSC
Sub-Score 8: Creative Self-Concept CreativeSC
 
 
 
 
When running factor analyses, personal judgment and logical reasons are needed to 
justify the choice of sub-scores and are just as important to a factor analysis as are the 
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mathematical justifications. If no argument (beyond the mathematics) can be made as to 
why a group of questions are related, then there is no reason to group them as a sub-score 
(Gokhale et al., 2009). When the factor analysis was restricted to 3 sub-scores, it sorted 
much more logically than the 4-sub-score analysis. How well a sub-score is measured 
reliably can be measured using Cronbach’s Alpha (α). This calculation of sub-score 
reliability shows how well each of the questions included in a given sub-score measure 
the same thing. The closer to one, the more reliably the question set measures the 
assigned sub-score.   
 
As a result of the factor analysis, any questions that mentioned chemistry sorted into 
Chemistry Self-Concept; its resulting reliability was high, with a Cronbach’s α = .892 
(Table 6.4). Any question with the word “academic” in it sorted out into sub-score 7, 
which was labeled “Academic Self-Concept.” This sub-score was a mixture of the 
original “Academic Self-Concept” and "Academic Enjoyment Self-Concept" sub-scores. 
This gave the new Academic Self-Concept a high reliability, with a Cronbach’s α = .877. 
 
The last sub-score was a mixture of the original “Creativity Self-Concept,” as well as 
three questions that had belonged to the original “Academic Self-Concept” (questions 35, 
46, and 58), and two questions not included in the original CSCI analysis (questions 32 
and 41). The three questions that were originally classified as belonging to “Academic 
Self-Concept” had two things in common: none of them used the word “academic,” and 
all three of them had shown some loading with the original sub-score "Creativity Self-
Concept" as well as with “Academic Self-Concept.” In the original paper, these 
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questions' loading for creativity were between 0.34 and 0.38. They have much higher 
loadings  with this new sub-score. As a result, this new sub-score was labeled "Creative 
Self-Concept." This sub-score also has a relatively high reliability, with a Cronbach’s α = 
.789 (Table 6.4).  
 
 
 
Table 6.4: Reliability of Each Sub-Score. 
No weighting of the problems was used. The scores of any questions that were asked in a negative manner 
(e.g., I dislike chemistry) and showed a negative loading (as seen in the rotated component matrix, Table 
6.2) were reversed (e.g., 1 became 7; 7 became 1) before they were included in the calculation of 
Cronbach’s Alpha. The chart uses the abbreviations shown in Table 6.3 and shows the number (N) of 
survey questions that contribute to a given sub-score. 
Cronbach's 
Alpha
N of 
Questions
Sub-Score 1: GainSTKnowledge .851 9
Sub-Score 2: Benefit .739 7
Sub-Score 3: Concern .729 4
Sub-Score 4: ApproFemale .672 4
Sub-Score 5: EqualOpp .782 3
Sub-Score 6: ChemSC .892 10
Sub-Score 7: AcademicSC .877 10
Sub-Score 8: CreativeSC .789 8  
 
 
 
6.2.5. Student Classification by Attitude 
 
Since research on the Theory of Planned Behavior has shown that attitudes and belief in 
one’s own abilities can affect one’s actions (Ajzen, 2002), a survey was given to each 
student to measure their attitudes towards science and technology as well as their 
chemistry and academic self-concepts. The survey was completed during the first full 
week of classes.  
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Students were divided into groups based on their initial attitudes and self-concepts, as 
calculated by their survey responses. [GainSTKnowledge], [Benefit], and the 3 self-
concept sub-scores were used as dividers for the students. Each sub-score was divided 
into four categories, split by the standard deviation (one standard deviation = 1σ) of that 
given sub-score. The first two groups were within 1σ of the mean (labeled “above 
average” and “below average”); the second two groups were greater than 1σ away from 
the mean (labeled “started high” and “started low”).  
 
6.2.6. Correlations 
 
The primary method of analysis used in this study is Spearman’s Rho; also known as 
Spearman’s correlation coefficient, rs. Correlations are run between two variables to see 
how much one variable varies with the other. The output of a correlation has three 
numbers: N (how many pairs of variables were considered in the correlation), rs (the 
correlation coefficient), and significance (p). The significance (two-tailed) is reported as 
a decimal between 0 and 1. P is the probability that the correlation observed occurred at 
random and was not a real correlation (Type I error). The lower the number, the less 
probable it is that the correlation observed was random and thus the greater the 
significance of that correlation. For example, p < .001 means that there was less than a 
0.1% chance that the correlation was random.  
 
Despite the large group sizes in this study, most of the distributions were found to be 
significantly different from the normal distribution and, as such, calculations that 
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assumed a normal distribution (parametric tests) could not be performed with any 
assurance of accuracy. Typical distributions of sub-scores on the survey showed large 
negative skews (-.490 for academic self-concept), which indicated a shift towards the 
high end of the scale. Student accesses of Bb Vista fit more closely with a Poisson 
distribution than a normal distribution. As such, only non-parametric tests (calculations 
where a normal distribution was not assumed) were performed on the data. As a result, no 
multi-variate regressions were performed on the data as there were no non-parametric 
multi-variate regressions available.  
 
Spearman’s Rho (rs) is the non-parametric version of Pearson’s correlation coefficient (r); 
rs can be interpreted in essentially the same manner as Pearson’s correlation coefficient. 
For both r and rs, the correlation coefficient is equal to the effect size (a measure of the 
strength of the relationship between two variables): the larger the correlation coefficient, 
the larger the effect size. The amount of the total variance that is accounted for by the 
observed correlation is equal to the coefficient squared (rs2) and is generally very close to 
r2 (Field, 2009, p. 192). 
 
All correlations in this study were run between a student’s Bb Vista accesses and their 
final grades, except in one case, where the correlation was with fall lab grades. All grades 
used were expressed as percentages (100% being the maximum possible) so that a 
continuous (or near-continuous) spectrum of scores could be analyzed, rather than using 
the A,B,C,D,F grades, thus allowing the calculation of the correlations. 
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6.3. Results 
6.3.1. Overall Bb Vista Usage 
 
The correlation between student performance (as measured by final grades) and all Bb 
Vista accesses showed a significant, positive correlation with the number of times 
students accessed any file in Vista and their final grade for both the fall and winter terms 
(Table 6.5). Likewise, there was a significant, positive correlation between the amount of 
time spent looking at Vista files and a student’s performance. These Bb Vista accesses 
included both logistical information (e.g., instructor contact information and lab rubrics) 
as well as educational content (e.g., exam answers and posted lectures). There were no 
significant correlations with the average time spent looking at these files. The 
correlations between Bb Vista usage and final grades found were small (rs = .148, p < 
.0001 for number of accesses, and rs = .093, p < .01 for total time spent in the fall; rs = 
.134, p < .0001 for number of accesses, and rs = .096, p < .05 for total time spent in the 
winter) and accounted for less than 2.5% of the overall variance in final grades. Though 
only students’ fall-term Bb Vista use was used in this study, fall use of Bb Vista does 
appear to have some lasting effect on students’ learning. The potential implications of 
these correlations with winter term (CHEM 102) grades will be discussed in more detail 
below. 
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Table 6.5: Correlations (Spearman’s Rho, rs) between Bb Vista Usage and Final Grades. 
Measurements of time spent on Bb Vista were made in the number of accesses to Bb Vista and in the total 
time spent viewing Bb Vista files. These measurements were correlated with the final grades of CHEM 101 
(fall term) and CHEM 102 (winter term).  
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Number of 
Times Accessed
.148 .00002 826 .134 .0003 717
Total Time .093 .007 826 .096 .0105 717
CHEM 101 Grade CHEM 102 Grade
 
 
 
 
The positive correlation observed above shows that students’ final grades and their Bb 
Vista usage varied in the same direction: the higher their final grade, the more they time 
they had spent on Bb Vista during the fall term. The effect size is rather small, though, 
because this was a correlation over all students and all monitored Bb Vista files. Some 
files will have correlated more strongly with student success (as measured by final 
grades) than other files, and some students will have had stronger correlations between 
their Bb Vista usage and their success than others. These overall correlations observed in 
Table 6.5 average out these correlations and, as a result, appear smaller. Bb Vista usage 
is, of course, not the only factor in student success in chemistry, but the only variable 
considered here.  
 
To see if the patterns underlying the overall correlations were specific to certain groups 
of students, the students were broken down into groups (high, above-average, below-
average, and low) based on their initial attitudes and self-concepts, as calculated by their 
responses to the survey tool mentioned earlier. Attitudes and self-concepts were chosen 
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as groupings because, according to the TPB, they are theorized to influence behavior (see 
Student Classification by Attitude above) (Ajzen, 2002). It was observed that students 
who started with the lowest desire to gain science and technology knowledge showed no 
significant (95% confidence) correlation between their use of Bb Vista and their success 
in the fall term (Table 6.6). There was, however, a correlation at the 90% confidence 
level between the number of times these students accessed Bb Vista and their final fall 
grades (rs = .156, p = .081). For students who started with a higher desire to gain science 
and technology knowledge, there were significant positive correlations between the 
number of times they accessed Bb Vista and their final fall grade. For students within 1σ 
of the mean (i.e., above and below average), the effect size was essentially the same as 
the overall correlation of .148 (rs = .145, p < .05 for both groups). However, for those 
who started with the highest desire to gain science and technology knowledge, the effect 
size was larger (rs = .217, p < .05) than the overall correlation. The correlation for 
students with the largest desire to gain STEM knowledge accounted for twice the 
variance of that observed in students who were within 1σ of the mean (4.7% of variance 
versus 2.1% of variance). Students with the largest desire to gain STEM knowledge were 
also the only ones who showed Bb Vista accesses to have a significant effect on their 
performance in the winter term (rs = .258, p < .01). While it appears that all students gain 
some advantage from accessing Bb Vista, those with a stronger desire to gain STEM 
knowledge derived a larger benefit, possibly even on a longer-term basis. Strong, positive 
attitudes towards gaining additional science and technology knowledge may have 
motivated these students during the term and focused their activities online more than 
their fellow students. These students who had a stronger desire to gain more science 
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knowledge may have paid more attention to the materials they were viewing online or 
viewed more content-rich materials in a desire to gain more knowledge. 
 
 
 
Table 6.6: Correlations (Spearman’s Rho, rs) between Number of Bb Vista Accesses and Final 
Grades as grouped by Initial Desire to Gain Science and Technology Knowledge. Correlations are 
between the number of times a student accessed Bb Vista and their final grades in CHEM 101 (fall term) 
and CHEM 102 (winter term). Correlations in italics are not significant at the 95% confidence level; 
significant results are bold. Students were grouped based on their initial desire to gain science and 
technology knowledge, as measured by a survey in the first week of CHEM 101. The left-hand column 
shows the range of scores for each student group. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Correlation 
Coefficient
Sig.            
(2-tailed)
N
.156 .081 126 .122 .201 112
.145 .021 252 .094 .164 221
.145 .038 204 .131 .088 172
.217 .014 127 .258 .008 106
Started Above Avg (3.93 - 4.49)
Started High (4.50+)
CHEM 101 Grade CHEM 102 Grade
Started Low (<= 3.35)
Started Below Avg (3.36 - 3.92)
 
 
 
 
When divided up by initial belief that technology is beneficial ([Benefit]) (Table 6.7), 
students who had [Benefit] scores greater than 1σ from the average had a larger, more 
significant correlation between the number of times Bb Vista was accessed and their final 
fall grades; a pattern that matched with what was observed when dividing students on 
their initial desire to gain science and technology knowledge (rs = .267, p < .01 for 
students who started with low [Benefit] and rs = .287, p < .01 for students who started 
with high [Benefit]).This pattern held for the winter term, as well (rs = .333, p < .01 for 
students who started with low [Benefit] and rs = .281, p < .01 for students who started 
with high [Benefit]). For these students, the number of times they accessed Bb Vista 
accounted for 7-11% of the variance in their final grades and a continued effect through 
the next term. That these correlations are stronger than those observed when students 
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were divided by desire for science knowledge suggests that attitudes about the usefulness 
of technology have a stronger influence over students’ use of online resources than desire 
for science knowledge. In the case where students indicated a strong belief that 
technology was beneficial, this belief may have arisen from students’ previous experience 
with technology, especially online resources as a source of knowledge. These students 
would have been more used to assimilating information from online sources. On the other 
hand, students who had a low opinion of technology’s benefit may not have had much 
experience (or much positive experience) with online resources as sources of knowledge. 
As a result, when these students did apprise themselves of the online resources available, 
the access had a much larger observable effect than for other students. 
 
A weaker effect was also noticed for those students who started with below average 
belief that technology is beneficial. Their final fall grades showed a significant, positive 
correlation with the number of times they accessed Bb Vista (rs = .124, p < .05). 
However, they did not have a significant correlation with their winter term grades. While 
it is possible that the significant correlation is related to the reasons stated above, it seems 
more likely that this was a false positive, given that its significance is much less than the 
other significant correlations observed and that no correlation was observed with the 
winter grades. This is further supported by the observation that no significant correlation 
was observed for students who started with above average belief that technology is 
beneficial. If the attitudes towards technology’s benefit were of any influence in the 
students’ decision process, it is more likely that stronger attitudes (either positive or 
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negative) would have a stronger observable influence than weaker ones. As observed in 
Table 6.7, this appears to be the case. 
 
 
 
Table 6.7: Correlations (Spearman’s Rho, rs) between Number of Times Bb Vista was Accessed and 
Final Grades as Grouped by Initial Belief that Technology is Beneficial. Correlations are between the 
number of times a student accessed Bb Vista and their final grades in CHEM 101 (fall term) and CHEM 
102 (winter term). Correlations in italics are not significant at the 95% confidence level; significant results 
are in bold. Students were grouped based on their initial belief that technology is beneficial to mankind, as 
measured by a survey in the first week of CHEM 101. The left-hand column shows the range of scores for 
each student group. 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Correlation 
Coefficient
Sig.            
(2-tailed)
N
.267 .0097 93 .333 .0024 81
.124 .037 285 .051 .436 239
.051 .455 215 .039 .594 187
.287 .0018 116 .281 .0038 104
Started Below Avg (2.98 - 3.46)
Started Above Avg (3.47 - 3.96)
Started High (3.97+)
CHEM 101 Grade CHEM 102 Grade
Started Low (<= 2.97)
 
 
 
 
When the students were divided up by chemistry self-concept, most correlations between 
student Bb Vista access and final fall grades disappeared. While initially surprising, this 
seems logical if the effects that were being observed stemmed from study habits rather 
than chemistry aptitude. When students were divided by their confidence in chemistry 
(initial chemistry self-concept), this should have distributed various study habits 
throughout all four groups, which seems to have been borne out in the near absence of 
significant correlations for this grouping. Out of the four groups of students, only those 
who started with above average Chemistry Self-Concept showed any correlation at all, 
and only with the number of times they accessed Bb Vista (rs = .192, p < .01 in the fall, 
and rs = .189, p < .01 in the winter), which is close to the effect size seen in the overall 
correlations.  
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In contrast with the few significant correlations seen when grouping on chemistry self-
concept, students who started with a low academic self-concept saw more significant 
correlations with Bb Vista usage. Both students who started with the lowest academic 
self-concept and those who started with lower than average academic self-concept saw a 
correlation between the number of times they accessed Bb Vista and their final fall grades 
(rs = .223, p < .05 and rs = .151, p < .05, respectively). This benefit extended into the 
subsequent term: a correlation was observed between the number of Bb Vista accesses 
and final winter grades (rs = .206, p < .05 for lowest initial academic self-concept and rs = 
.147, p < .05 for below average academic self-concept). Students who had low academic 
self-concept clearly derived a positive benefit from repeatedly viewing online materials; 
this correlation was further reinforced when students were grouped based on initial 
creative self-concept (see Table 6.8 below). 
 
 
 
Table 6.8: Correlations (Spearman’s Rho, rs) between Number of Times Accessing Bb Vista and 
Final Grades for Students with Low Initial Self-Concept. Correlations are between the number of times 
a student accessed Bb Vista and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations in italics are not significant at the 95% confidence level; significant results are in bold. 
Students were grouped based on their initial academic or creative self-concept, as measured by a survey in 
the first week of CHEM 101. Students were either one standard deviation below the average initial self-
concept (below-avg), or beyond one standard deviation below the average initial self-concept (started low). 
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Correlation 
Coefficient
Sig.            
(2-tailed)
N
Academic          
Self-Concept
.223 .016 116 .206 .043 97
Creative             
Self-Concept
.286 .003 104 .105 .341 85
Below-Avg
Academic          
Self-Concept
.151 .026 218 .147 .047 183
CHEM 101 Grade CHEM 102 Grade
Started Low
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The strongest correlation between Bb Vista usage and final fall grades was observed with 
students who started with the lowest creative self-concept (Table 6.8). Not only did these 
students have a correlation between the number of times they accessed Bb Vista that was 
roughly equal to the low and high [Benefit] groups (rs = .287, p < .01), but they also had a 
significant, positive correlation with the total time spent on Bb Vista with the roughly the 
same effect size (rs = .246, p < .01), which was much larger than the overall observed 
correlation coefficient of .093. However, unlike students who had a low academic self-
concept, neither of these correlations lasted into the winter term. Students who started 
with a higher than average creative self-concept also had a significant, positive 
correlation between the number of times they accessed Bb Vista and their final grades, 
though it was much weaker (rs = .148, p < .05) and also failed to last through to the 
winter term. It would appear that students with the lowest confidence in their critical 
thinking skills derived the most initial benefit from spending time on Bb Vista, but the 
change lasted less than for other groups. Students with low creative self-concept would 
be more likely to attempt learning through uncreative means, such as rote memorization, 
which usually doesn’t translate into long-term learning. This may explain why whatever 
it was that the students benefitted from, whether it was a new study technique or some 
chemistry information, the knowledge gained was only temporary. 
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6.3.2. Instructor Contact Information Usage 
 
The contact information for the course instructors was one of the files posted on Bb Vista 
that was purely logistical in nature and contained, in and of itself, no chemistry 
information. Thus, it was assumed, that with no chemistry information in the file itself, 
access to this file could not help students improve in the chemistry course and should be 
uncorrelated with success in the class. Analysis (see below) indicated this may be a 
specious assumption and that accessing instructor contact information may be indicative 
of good academic behavior. When all students were analyzed as a whole for a correlation 
between their access of instructor contact information and student performance, no 
correlations were observed for either the fall term or the following winter term. This first 
analysis seemed to bear out the assumption that the contact information was used as a 
purely logistical file and lacked any chemistry information. However, as the file 
facilitated access to instructors, it was an indirect method to chemistry information and 
further analysis appeared to bear that out. 
 
When students were separated into groups based on their initial attitudes and self-
concepts, two groups stood out definitely benefitting from use of the contact information: 
students who started with the lowest belief that technology is beneficial and students who 
started with the lowest academic self-concept. In theory, this means that the students 
benefitted from contact with some instructor. However, no records of any contact were 
made and are beyond the scope of this study.  
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For students who started with the lowest view of technology as beneficial (Table 6.9), 
there were correlations both with the number of times the instructor contact information 
file was accessed (rs = .516, p < .01 in the winter term) and the total time the file was 
viewed (rs = .397, p < .01 in the fall term and rs = .392, p < .05 in the winter term). While 
not significant at the 95% level, the number of times the contact information was viewed 
did correlate fairly strongly in the fall term (rs = .327, p = .059). For students who are not 
very sure about the benefits of technology, direct access (or at least a more personal 
touch) with an instructor may have been a key to these students’ success. While it may 
seem counter-intuitive that students who had a low view of the benefits of technology 
would have any correlations with technology usage, the instructor contact information 
provided on Bb Vista was a convenient way to find out how to get in contact with the 
instructors outside of the classroom. Also, the sub-score on which these students scored 
low relates to how beneficial they believe technology is to mankind; the questions did not 
ask how often they used technology in their daily lives. While there is no record of 
whether or not these students actually received help from instructors or what drove them 
to access the contact information, it was shown that the more these students accessed 
information to contact their instructors, the better they fared in the class, accounting for 
10 to 25% of the variance in these students’ final grades. Perhaps more importantly, the 
success of these students wasn’t restricted to the first term of the course. Access to the 
instructor contact information recorded during the first (fall) term correlated more 
strongly with success in the second (winter) term than with success in the fall term. 
Whether this was due to chemistry knowledge gained as a result of contact or the 
formation of a new, successful study habit cannot be determined from these data. 
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Table 6.9: Correlations (Spearman’s Rho, rs) between Final Grades and Bb Vista Contact Info 
Access. Correlations are between the number of times or the total time a student accessed the instructor 
contact information and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations in italics are not significant at the 95% confidence level. Students were grouped based on their 
initial academic self-concept or belief that technology is beneficial [Benefit], as measured by a survey in 
the first week of CHEM 101. Ranges of the sub-scores for the groups shown are listed in the left-most 
column. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of 
Times .327 .059 34 .516 .003 31
Total Time 
.404 .018 34 .520 .003 31
Number of 
Times .397 .004 50 .392 .0102 42
Total Time 
.046 .750 50 .071 .655 42
CHEM 101 Grade CHEM 102 Grade
[Benefit]                         
(Started Low (<= 2.97))
Academic Self-Concept 
(Started Low (<= 4.71))
 
 
 
 
Similarly, students who started out with the lowest academic self-concepts benefitted 
from accessing the instructor contact information (Table 6.9). Unlike the above case, 
there was no significant correlation with total time, but the correlations with the number 
of accesses were roughly constant between the fall and winter terms, accounting for about 
15% of the variance (rs = .397, p < .01 in the fall term and rs = .392, p < .05 in the winter 
term). Again, this may have been due to information gained from direct contact with 
instructors, new study habits formed, or some other cause. According to the TPB, 
students who feel less in control would be less likely to act (Ajzen, 2002). Thus, it 
follows that students with low initial academic self-concept would be less likely to be 
self-directed in their studying as they feel they have less control over their academic 
success. Studying from online resources is largely self-directed, which could pose a 
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problem for these students. However, students with low views of their own academic 
abilities could get some help in directing their studies by contacting their instructors 
directly. Whether these students actually contacted the instructors is unknown, but 
whatever motivated the access of instructor information correlated with student success 
in chemistry. It is likely that those students who took the initiative to overcome their 
initial doubts, either about technology or their own academic abilities, had more success 
than did their fellow students (of the same confidence level). 
 
In 2009, Sher noted that student – instructor interaction positively correlated with student 
learning as measured by perceived student learning (student voluntary responses to a 
survey) (Sher, 2009). The student – instructor interaction was also measured via survey. 
The study was with three online-only classes (tourism administration, project 
management, and health sciences) run from a private university in the Washington, D.C. 
area. Students were geographically scattered and primarily graduate students. Sher also 
found that student – student interactions correlated to student success.  
 
6.3.3. Lab Rubric Usage 
 
As can be seen in Table 6.10, there was a small but significant correlation between 
students accessing the lab rubric files posted on Bb Vista and their lab grade for the fall 
term. The correlation for the number of times the rubric was accessed was the strongest 
(rs =.195) and most significant (p < .001) of the three measures by a large margin, but 
accounted for only about 3.5% of the variance in lab grades, which suggests that the 
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rubrics were only marginally useful in gaining a better lab grade in CHEM 101. The 
weak correlation between using the lab rubrics and receiving a high lab grade may be 
due, in part, to the skewed lab grades; most lab grades given were high, which prevented 
differentiation between students. Given that the lab grade was only 20% of the final grade 
in the class, it would seem unlikely that lab rubric usage, which accounted for 3.5% of 
the lab grade variance, would have any significant impact on the final fall grades (at most 
0.7%). This, however, was not the case. 
 
 
 
Table 6.10: Correlations (Spearman’s Rho, rs) between Lab Rubric Usage and Lab Grades 
Correlations are between student access of lab rubrics (number of times, total time, and average time) and 
their lab grade in CHEM 101. (N=748 for all correlations) 
Correlation 
Coefficient Sig.
Number of Times .195 .00000008
Total Times .148 .00005
Average Time .122 .0009  
 
 
 
Overall, there was a weak, but very significant correlation between the number of times 
the lab rubric was accessed and success in the first term (rs = .129, p < .001). This 
accounts for about 1.5% of the variance in final grades, which is twice the expected value 
if the viewing lab rubrics impacted lab grades alone. Further, as can be seen in Table 
6.11, the correlation, though weakened, persists into the winter term (rs = .079, p < .05), 
which suggests that part of the underlying cause of this correlation is a positive change in 
study habits that continued through the next term associated with knowledge gained by 
using the rubrics or that encouraged use of the rubric. The change in study habits was 
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probably not a very profound change, if the lab rubric provided the impetus for change. 
In this case, students may have realized that using the lab rubrics improved their grades 
and continued to use the rubrics in the subsequent term. Still, the correlation shows a 
continued utility past the immediate use of boosting lab grades in the short-term.  
 
Literature on grading rubrics tends to focus on improving student success on the 
assignment for which the rubric is published, rather than for the class as a whole. As 
above, rubrics have been shown to improve student performance on a given assignment 
(Howell, 2011). These rubrics, however, tend to be more sophisticated than what was 
available to the CHEM 101 students. Howell’s rubrics assigned the highest grade for 
“accurate theoretical application that discusses the theory,” while CHEM 101 students 
were given a breakdown on how many points each portion of the lab report was worth. 
While both styles have their use, the research has studied the former and not the latter.  
 
 
 
Table 6.11: Correlations (Spearman’s Rho, rs) between Lab Rubric Usage and Final Grades 
Correlations are between the number of times or the total time a student accessed the lab rubrics and their 
final grades in CHEM 101 (fall term) and CHEM 102 (winter term). Correlations in italics are not 
significant at the 95% confidence level; significant correlations are bold. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of Times .129 .0004 748 .079 .044 652
Total Time .089 .015 748 .047 .233 652
CHEM 101 Grade CHEM 102 Grade
 
 
 
 
Dividing students up by their initial attitudes reveals a little more about who benefitted 
from the lab rubrics and possibly why the correlation coefficient seen in Table 6.10 was 
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rather small. There were no significant correlations with the students when divided up by 
their desire to gain science and technology knowledge. However, students who started 
out with the strongest belief that technology is beneficial (and thus were most 
comfortable with technology) had similar correlations with the number of accesses as 
those seen in Table 6.11, except that the effect sizes were much larger with the former (rs 
= .303, p < .01 for the fall term and rs = .230, p < .05 for the winter term; Table 6.12).  
 
 
 
Table 6.12: Correlations (Spearman’s Rho, rs) between Number of Lab Rubric Accesses and Final 
Grades by Students with High Initial Belief that Technology is Beneficial. Correlations are between the 
number of times or the total time a student accessed the lab rubrics and their final grades in CHEM 101 
(fall term) and CHEM 102 (winter term). Correlations shown are only for students with the highest initial 
belief that technology is beneficial to mankind as measured by a survey administered in the first week of 
CHEM 101. 
Started High 
(3.97+)
Correlation 
Coefficient
Sig.                   
(2-tailed) N
CHEM 101 Grade .303 .0015 107
CHEM 102 Grade .230 .023 97  
 
 
 
When students were grouped by their initial belief on whether or not technology is 
beneficial, the only statistically significant correlation was with students with the 
strongest belief that technology is beneficial (Table 6.12). This suggests that students 
who saw technology as beneficial to their daily lives were more likely to use the course 
website to get information on what was required in lab reports (as laid out in the rubric). 
Figure 6.1 appears to show that students with the highest initial belief that technology is 
beneficial accessed the lab rubrics more often and suggests that other students could 
benefit from actually using the grading guidelines posted online. However, ANOVA 
analysis of the groups showed no significant difference between any of the four groups (p 
 
215 
 
 
= .173), so this hypothesis cannot be confirmed and there may be another underlying 
cause. It is possible that students who had a more favorable view of technology had 
organizational and writing skills that benefitted from the clear organization offered by the 
rubric, while other students did not. 
 
 
 
 
Figure 6.1: Average Number of Lab Rubric Accesses as grouped by Initial Belief that Technology is 
Beneficial. Students were grouped based on their initial belief that technology is beneficial [Benefit], as 
measured by a survey in the first week of CHEM 101. Ranges of the sub-scores for the groups shown on 
the x-axis. Means for each group are shown at the base of the columns; error bars show the 95% confidence 
interval. 
 
 
 
Dividing students by initial desire to gain science and technology knowledge or 
chemistry self-concept yielded no significant correlations between lab rubric access and 
student success in the fall term. Students with the highest incoming academic self-
concept had a positive correlation between the total time spent viewing the lab rubric and 
their final winter grades (rs = .212, p < .05). However, there was no significant correlation 
with their final fall grades. That this correlation involved the total time and not the 
number of accesses does not match with the pattern observed above nor with the idea that 
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viewing time on Bb Vista may not be an accurate measure of time spent using the rubric. 
With such a weak significance, it seems likely that this may be a false positive rather than 
a real result. If not, it does suggest that students with higher confidence in their own 
academic abilities benefit from access to grading rubrics, while other students do not 
make efficient use of their access to such rubrics. 
 
As seen in Table 6.13, students with the lowest creative self-concept benefitted from 
access to the lab rubrics (rs = .270, p < .01); this benefit did not last past the fall term. 
Reliance on a grading rubric to write a lab report suggests a lack of creativity on a 
student’s part and may even have discouraged these students from attempting to think for 
themselves, which would preclude any longer-term benefit. However, for students with 
higher initial creative self-concept, there were no correlations between rubric access and 
final fall grades, showing some reliance on their own creativity to write lab reports. As 
was seen above with other groupings (and for all students combined), there was one 
creative self-concept group that benefitted from fall rubric access in the winter term. 
Students with above average initial creative self-concept had a small, positive correlation 
between their access of the lab rubrics during the fall term and their success in the winter 
term (rs = .153, p < .05). This is most likely due, as stated above, to a positive change in 
study habits. 
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Table 6.13: Correlations (Spearman’s Rho, rs) between Lab Rubric Accesses and Final Grades as 
grouped by Initial Creative Self-Concept. Correlations are between the number of times a student 
accessed the lab rubrics and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations shown are only for students with low or above-average (above-avg) initial creative self-
concept, as measured by a survey administered in the first week of CHEM 101. Correlations in bold are 
significant at the 95% level; correlations in italics are not significant at the 95% confidence level. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Started Low (<= 4.12) .270 .008 94 .203 .071 80
Started Above-Avg (4.98 - 5.82) .129 .063 208 .153 .044 174
CHEM 101 Grade CHEM 102 Grade
 
 
 
 
6.3.4. Exam 1 Answers Usage 
 
The answers to exam 1 (fall term) are an example of Bb Vista files that were likely to be 
educational in nature. As can been seen in Table 6.14, there appeared to be a consistent 
benefit to viewing the exam and its answers, both in the fall term (rs = .102, p < .05), and 
in the winter term (rs = .100, p < .05); the more times the exams were accessed, the higher 
the final grade, accounting for about 1% of the total variance. This amount is not very 
large, which may call into question whether or not this has a real impact on student 
performance. However, the correlation was over all students who viewed the exam posted 
online. This means that the effect size was moderated by students for whom there was no 
real impact. When students were broken down into smaller groups (see below), larger 
effects were seen for specific groups. 
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Table 6.14: Correlations (Spearman’s Rho, rs) between Exam 1 Answer Accesses and Final Grades. 
Correlations are between the number of times a student accessed exam 1 answers on Bb Vista and their 
final grades in CHEM 101 (fall term) and CHEM 102 (winter term).  
Correlation 
Coefficient
Sig.                   
(2-tailed) N
CHEM 101 Grade .102 .019 526
CHEM 102 Grade .100 .030 466  
 
 
 
It appears that viewing the exams gave a consistent boost to students’ knowledge that 
helped them both in the short term and on a longer-term basis. While causation cannot be 
proven with the data collected, an observation was made that suggested a causative 
relationship may be possible: the number of times a student viewed the exam online was 
independent of their initial chemistry preparedness, as measured by chemistry placement 
exams (taken prior to CHEM 101). The most likely scenario, other than exam viewing 
helped improve student grades/performance, would be that better students were more 
likely to use the exams to study. However, this was found not to be the case. When 
grouped by the number of times a student viewed the exam file, ANOVA found no 
significant difference between each group’s mean chemistry placement exam score 
(F(3,482) = .499, p = .683). Students who were initially better prepared for the chemistry 
course showed no greater tendency to view the exams online than did other students. 
(Groups were 1 view, 2 views, 3-4 views, and 5+ views, which gave roughly equal 
numbers of students in each group.) 
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The clearest illustration of the complexity behind the exam viewing effectiveness was 
exhibited when students were divided by their initial academic self-concept (Table 6.15). 
While there were no significant correlations for students within one standard deviation of 
the mean, for students with the lowest initial academic self-concept, there was a 
correlation between their access of the exam 1 answers and their final fall grade (rs = 
.274, p < .05). However, there was no correlation between viewing these exam answers 
and these students’ winter grades. Though these students may not have gained any long-
term benefit from viewing the exam, it is also likely that whatever benefit was gained 
could not be measured by final grades in a subsequent term. Students with the highest 
initial academic self-concept, however, did derive some sort of longer-term benefit from 
viewing the exam 1 results (rs = .258, p < .05). Whether or not these students had a 
correlation between exam views in the fall and their fall grades is debatable; the 
correlation coefficient (.213) is slightly lower than the winter term, and its significance is 
right on the cusp of the 95% confidence interval (p = .0501). Whether students with 
higher academic skills used the exam answers to repair gaps in their knowledge prior to 
the final or the use of the exam was part of a positive change in study habits, the change 
does appear to be longer lasting than for students with less confidence in their academic 
abilities. 
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Table 6.15: Correlations (Spearman’s Rho, rs) between Exam 1 Answer Accesses and Final Grades as 
grouped by Initial Academic Self-Concept. Correlations are between the number of times a student 
accessed the exam 1 answers and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations shown are only for students with the lowest or highest initial academic self-concept, as 
measured by a survey administered in the first week of CHEM 101. The left column shows the academic 
sub-score values for students in the given range. Correlations in italics are not significant at the 95% 
confidence level; significant correlations are bold. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Correlation 
Coefficient
Sig.                   
(2-tailed) N
.274 .036 59 .100 .487 51
.213 .0502 85 .258 .021 80
CHEM 101 Grade CHEM 102 Grade
Started Low (<= 4.71)
Started High (6.26+)  
 
 
 
These results would suggest that students can derive short-term benefits from viewing 
exam answers, a practice that seems to most benefit students with lower academic skills. 
Such students are more likely to study exams in an attempt to know what kinds of 
questions can be expected on future exams, what Kortemeyer called the solution level 
(Kortemeyer, 2006). In the study, Kortemeyer classified online discussions of physics 
problems. It was observed that about 45% of the online comments made by students who 
achieved high grades (equivalent to A’s or B+’s) were at the solution level, while 
students who achieved lower grades (equivalent to C’s or low B’s) made solution-level 
comments almost 75% of the time. Students who achieved higher course grades 
contributed more online comments at the conceptual level. While staying at the solution 
level may not have negatively affected CHEM 101 students’ grades as was the case 
Kortemeyer’s study, it may explain why no longer-term benefits were seen for students 
with lower academic skills. However, students with higher academic skills are more 
likely to view exams and try to learn the concepts being tested, which should lead to 
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longer-term success than learning at the solution level. The longer-term effectiveness 
could also have been a result of having better studying techniques that allowed these 
students to better assimilate the lessons from the exam or it could have resulted in a 
modification of current study habits for the better. 
 
To further explore the difference between the short-term and longer-term effects of exam 
answer access, Table 6.16 and Table 6.17 were grouped together to focus on groups of 
students who derived short-term benefits from exam access (Table 6.16) and those who 
derived longer-term benefit from this access (Table 6.17). The two groups of students 
who gained a short-term benefit from access to exam answers were students who had the 
lowest initial academic self-concept (discussed above) and students who had the highest 
initial chemistry self-concept (rs = .226, p < .05). (Out of the 118 students with the 
highest initial chemistry self-concept, only 3 of those students also had the lowest initial 
academic self-concept.) The short-term benefits point to students using the exam answers 
at a solution level, rather than a conceptual level. If a modification of study habits 
accounts for the longer-term benefit of accessing exam answers, then students with 
higher chemistry self-concept are less likely to feel the need to modify their study 
behaviors in chemistry. As such, they would gain from being able to correct their 
mistakes from the exam (solution level), but it would not have a lasting effect on their 
approach to chemistry. If, however, the longer-term benefits derive from additional 
knowledge in chemistry, then students with high chemistry self-concept likely already 
had grasped the problems at the conceptual level but may have made procedural mistakes 
on the exam. Thus, these students would only have had to review the exam answers at the 
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solution level and not the conceptual level. It could also be that, while lessened in the 
second term, the benefit that gave rise to the correlation in the first term is still there. The 
correlation between these students’ exam answer accesses and their final winter grades 
was .215, only slightly lower than their fall grade coefficient, and its significance was 
nearly at the 95% confidence level (p = .081). In fact, if the directionality of this 
correlation had been assumed to be positive, the one-tailed significance would have been 
within the 95% confidence level (p < .05).  
 
 
 
Table 6.16: Short-Term Correlations with Exam Answer Access.  
Correlations (Spearman’s Rho, rs) between Exam 1 Answer Accesses and Final Fall Grades for all students, 
for students with the highest initial chemistry self-concept, and for students with the lowest initial academic 
self-concept, as measured by a survey administered in the first week of CHEM 101. The second column 
shows the sub-score values for students in the given range. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
All Students .102 .019 526
Chemistry Self-Concept  
Started High (5.65+) .226 .048 77
Academic Self-Concept  
Started Low (<= 4.71) .274 .036 59  
 
 
 
In addition to students who started out with the highest academic self-concept, two other 
groups of students showed a long-term benefit from accessing exam answers: students 
with the highest initial interest in learning about science and technology (rs = .236, p < 
.05) and students who started with the highest opinion of technology as beneficial (rs = 
.259, p < .05; Table 6.17). All of these groups would have been likely to improve their 
study habits if given the chance; students who were more interested in learning about 
science would have internal incentive to find better ways to learn about science, those 
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with higher academic self-concept would be in practice at adapting their study habits, and 
those with higher opinions of technology would be open to incorporating more 
technology into their future study habits.  
 
 
 
Table 6.17: Longer-Term Correlations with Exam Answer Access.  
Correlations (Spearman’s Rho, rs) between Exam 1 Answer Accesses and Final Winter Grades for all 
students, for students with the highest initial desire to gain science and technology knowledge 
[GainSTKnowledge] (sub-score >4.50), for students with the highest initial belief that technology is 
beneficial to mankind [Benefit] (sub-score >3.97), and for students with the highest initial academic self-
concept (sub-score >6.26), as measured by a survey administered in the first week of CHEM 101.  
Correlation 
Coefficient
Sig.                   
(2-tailed) N
All Students .100 .030 466
GainSTKnowledge .236 .043 74
Benefit .259 .040 63
Academic Self-Concept .258 .021 80  
 
 
 
6.3.5. Lecture Slide Usage 
 
Analysis of the lecture slide usage with student success in the fall and winter terms 
yielded no significant correlations except for the average time spent viewing the lecture 
slides and final winter grades (rs = .086, p < .05). Since this correlation was with average 
time and there was no correlation with number of times accessed (as in all other Bb Vista 
correlations), this correlation may have been a false positive (Type I error) rather than a 
true correlation due to the inaccuracy associated with measuring time spent looking at Bb 
Vista files. However, further consideration of the lecture slide files suggested that time on 
file may have been more accurate for lecture slides, perhaps because students were more 
likely to view these online as opposed to offline, perhaps because they did not feel the 
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need to print off the many slides either to save paper or because the PowerPoint slides 
were formatted for computer screens. If students did view the lecture slides online, the 
time recorded by Bb Vista would directly correspond to the actual time spent looking at 
the lecture slides, most likely at a near 1:1 ratio. 
 
While analysis of all students together yielded only a correlation for average time spent 
viewing lecture slides, when students were divided up by their initial desire to gain 
science and technology knowledge, lecture slides proved to be a predictor of student 
success in the second term and may have been a useful tool for longer-term retention of 
chemistry knowledge (fall term viewing of slides correlated with final winter term 
grades; Table 6.18). As was seen with the other Bb Vista correlations, the strongest and 
most significant correlation for this group of students was the number of times the files 
were accessed (rs = .316, p < .01), accounting for almost 10% of the variance. Total time 
(rs = .241, p < .05) and average time (rs = 219, p < .05) accessed also proved to be 
significantly correlated to success in the winter term. There were no correlations between 
viewing the lecture slides and fall term grades for students in this group. This suggests 
that, at least for students motivated to learn about science, reviewing the lectures at home 
on their own benefited them on a longer-term basis. Since the fall term and the winter 
term have little overlap in content, the lack of a significant correlation to fall term success 
suggests that success in the winter term is predicated on different factors than that of the 
fall term. Material in the fall term may have more content that was familiar to students 
from a high school chemistry course, while the winter term may have required better 
study habits. If so, it is reasonable to conclude that students who were diligent enough to 
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spend time viewing the lecture slides in the fall term had better study habits in the winter 
term, and thus greater success. 
 
 
 
Table 6.18: Correlations (Spearman’s Rho, rs) between Lecture Slide Usage and Final Winter Grades 
for Students with the Highest Initial Desire to Gain Science and Technology Knowledge. Correlations 
are between time spent viewing the lecture slides during CHEM 101 (as measured by number of accesses, 
total viewing time over the term, and average time per viewing) and their final grades in CHEM 102 
(winter grade). Correlations shown are only for students with the highest initial desire to gain science and 
technology knowledge (sub-score greater than 4.5/5), as measured by a survey administered in the first 
week of CHEM 101. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of Times Accessed .316 .003 87
Total Time Accessed .241 .025 87
Average Time Accessed .219 .042 87  
 
 
 
However, unlike students with a high initial desire to gain science and technology 
knowledge, viewing the lecture slides in the fall correlated with student success in both 
the fall term and later in the winter term for students with an above-average initial 
chemistry self-concept (Table 6.19). In the fall, it was only the number of times the 
lecture slides were accessed that correlated with final grades (rs = .148, p < .05), while in 
the winter, all three measurements were significant, though the number of viewings was 
still the most significant (rs = .202, p < .05). In both the fall and winter terms, the average 
time spent on viewing the lecture slides was more significant and of a higher effect size 
than that of the total time viewed. As above, the lecture slide viewing appears to better 
correlate to future success, most likely due to better study habits, than to success in the 
current term. However, these results do suggest that there was a short-term benefit from 
viewing the lecture slides, most likely from learning the content in the course. 
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These results contradict the findings of Weatherly et al., who saw a decrease in student 
exam performance after posting lecture notes online using Blackboard 5 (Weatherly et 
al., 2002-2003). The class sampled was a 100-level psychology course at a medium-sized 
Midwestern university with a sample size of about 120. In addition to the dissimilarity 
with the class used in the present study, the lecture notes posted by Weatherly et al. were 
not the PowerPoint presentations used during the class lecture, but condensed outlines 
with figures removed. The authors speculated that posting full lecture notes online may 
contribute to better student performance (such as was observed in the present study). 
Indeed, one of the authors of the Weatherly et al. study (Grabe) revisited the same class a 
couple years later and posted more complete lecture notes (though still not the original 
PowerPoint slides). Their findings matched with their prediction that more complete 
notes would benefit students (Grabe & Christopherson, 2008). Neither study looked at 
student performance beyond the class in which the lecture notes were published. 
 
Grabe and Christopherson (2008) also looked at student attendance after hypothesizing 
that posting lecture notes online would result in lowered student attendance because 
students would not feel the need to attend the actual lecture. However, they found that 
students who attended lectures more often also utilized online resources more than their 
fellow students (Grabe & Christopherson, 2008). The same was not observed for students 
in this current study. When comparing student attendance in lectures (as approximated by 
student participation) and access to the lecture slides posted on Bb Vista, there were no 
significant correlations observed. Unlike Grabe and Christopherson, these results suggest 
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that there was no relationship between students attending CHEM 101 lectures and 
viewing the lecture notes online. The most significant correlation (but not significant at 
the 95% confidence level) observed was a negative correlation between number of times 
viewing the lecture slides and lecture attendance (rs = -.149, p = .052). This small 
correlation would account for less than 3% of the variance in the viewing of the lecture 
slides and was only for 171 students (N) who took the class with only one of the three 
available lecturers in CHEM 101. Seeing different results was not entirely unexpected, as 
the method of posting lectures online differed between this study and Grabe’s. Lecture 
slides posted for CHEM 101 were only posted after the actual lecture was over, with the 
exception of one lecturer, and consisted of the slides prepared for the class prior to the 
lecture, including the pictures. Notes created during the lecture were not provided online. 
On the other hand, it was unclear whether Grabe’s lecture notes were posted online prior 
to the lecture or not and the lecture slides themselves were converted into a text format 
without the accompanying pictures used in class. These differences may account for the 
differences between student online resource usage in both studies. It may also be an 
indication of differences between the way students study for psychology and chemistry. 
However, given that the correlation above is quite small and not significant at the 95% 
confidence level, and that Grabe did not observe a decrease in attendance, it seems more 
likely that viewing lecture slides online and attending class are not correlated.  
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Table 6.19: Correlations (Spearman’s Rho, rs) between Lecture Slide Usage and Final Grades as 
grouped by Initial Chemistry Self-Concept. Correlations are between time spent viewing the lecture 
slides during CHEM 101 (as measured by number of accesses, total viewing time over the term, and 
average time per viewing) and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations shown are only for students with above-average initial chemistry self-concept (sub-score 
between 4.53-5.64 out of 7), as measured by a survey administered in the first week of CHEM 101. 
Correlations in italics are not significant at the 95% confidence level; significant results are bold. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of Times .148 .048 180
Total Time .078 .299 180
Average Time .097 .196 180
Number of Times .202 .0102 160
Total Time .158 .047 160
Average Time .191 .015 160
CHEM 
101 
Grade
CHEM 
102 
Grade  
 
 
 
The correlations seen with students with above-average chemistry self-concept were also 
observed for students who started with the lowest belief that technology is beneficial. 
However, the effect sizes for this group of students (Table 6.20) were larger than of those 
above (Table 6.19). There may also have been an overlap between the students who 
contributed to this correlation in these two groups. However, since students with a low 
initial belief that technology is beneficial distributed fairly evenly into the four chemistry 
self-concept groups, a significant overlap may have been coincidental. Despite having a 
low view of how beneficial technology is, these students benefitted in the short term and 
over a longer time period from viewing the lecture slides. In both terms, all three viewing 
measurements were significantly correlated with higher final grades. Here, too, the 
average time viewing the lecture slides was more significant and of a larger effect size 
than that of the total time viewing, which means that the average viewing time was a 
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more important predictor of student success. However, unlike with students with above 
average chemistry self-concept, the correlations for average time in the fall (rs = .256, p < 
.05) and in the winter (rs = .345, p < .01) were larger and more significant than 
correlations with the number of times accessed and accounted for between 6 and 12% of 
the variance, which makes average time the most significant predictor of student success, 
when measuring time viewing lecture slides. As has been shown in Chapter 5 and was 
proposed by Cleaver (Cleaver & Elbasyouni, 2005), it would seem that focusing on a 
subject for study is more important than the total time spent on the topic. 
 
 
 
Table 6.20: Correlations (Spearman’s Rho, rs) between Lecture Slide Usage and Final Grades as 
grouped by Initial Belief that Technology is Beneficial to Mankind. Correlations are between time spent 
viewing the lecture slides during CHEM 101 (as measured by number of accesses, total viewing time over 
the term, and average time per viewing) and their final grades in CHEM 101 (fall term) and CHEM 102 
(winter term). Correlations shown are only for students with the lowest initial belief that technology is 
beneficial (sub-score less than 2.98/5), as measured by a survey administered in the first week of CHEM 
101.  
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of Times .251 .035 71
Total Time .233 .050 71
Average Time .256 .031 71
Number of Times .288 .023 62
Total Time .305 .016 62
Average Time .345 .006 62
CHEM 
101 
Grade
CHEM 
102 
Grade  
 
 
 
For students who started with a below average academic self-concept (Table 6.21), the 
patterns observed in Table 6.20 are repeated but with a larger sample size (N), which 
confirms the observations above apply to a larger sub-set of the student population. Here 
it was observed that the relationship between lecture slide usage and fall success was 
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stronger than was the correlation with winter success. Again, the average time spent 
viewing the lecture slides correlates more strongly than the other usage measurements in 
both the fall term (rs = .210, p < .01) and the winter term (rs = .201, p < .05), which still 
supports the idea that concentrating on a topic is more important for learning chemistry 
than repeated exposure, i.e., the quality of the contact is more important than the quantity 
of the contact. This observation appears to apply most to students who have either a low 
view of technology or a low view of their own academic abilities. Those groups would 
have been less inclined to study from online materials, and students who overcame this 
reticence had a corresponding increase in their final grades. 
 
 
 
Table 6.21: Correlations (Spearman’s Rho, rs) between Lecture Slide Usage and Final Grades as 
grouped by Initial Academic Self-Concept. Correlations are between time spent viewing the lecture 
slides during CHEM 101 (as measured by number of accesses, total viewing time over the term, and 
average time per viewing) and their final grades in CHEM 101 (fall term) and CHEM 102 (winter term). 
Correlations shown are only for students with below-average initial academic self-concept (sub-score 
between 4.72-5.48 out of 7), as measured by a survey administered in the first week of CHEM 101. 
Correlation 
Coefficient
Sig.                   
(2-tailed) N
Number of Times .204 .008 170
Total Time .190 .013 170
Average Time .210 .006 170
Number of Times .165 .047 145
Total Time .175 .035 145
Average Time .201 .015 145
CHEM 
101 
Grade
CHEM 
102 
Grade  
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6.4. Discussion 
 
Posting information online for students to access at their own pace appears to have 
benefits for the students in both the term in which they view the information and in 
subsequent terms. As the measurement of Bb Vista access was limited to the fall term 
only (no accesses after the class ended were counted as part of this study), the effect 
behind the correlations with the winter final grades must be an indirect method of 
influence, such as adding to a student’s knowledge base or improving that student’s study 
habits. 
 
Unfortunately for this study, the measurement of how a student used various files posted 
online was limited in that some students could have accessed the files without being 
logged on (and thus would not have their time tracked). Encouraging students to access 
files online, while of obvious benefit to future research (for increased accuracy in 
recording usage), may not have any added benefit for students, unless those files 
available add something that a student could not get from a piece of paper, e.g., 
interactive demos (Cleaver & Elbasyouni, 2005). The lecture slides available to the 
students in this study were long, full of pictures, and some even had files attached that 
were recorded by the lecturer, which made them less desirable to print out rather than 
access online. There was no way to record whether a student printed off material after 
accessing it online.  
 
While more and more information is being delivered across the internet to a wide cross-
section of the population, there will likely always be some people who learn better when 
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directly interacting with a teacher. Whether this direct interaction is by email, and thus 
still over the internet but in a much more personalized manner, or in person was not 
determined in this study. However, it was observed that students with low confidence, 
either in technology or their own academic skills, saw a boost in their grades after 
accessing instructor contact information (which may have led to initiating contact with an 
instructor, though such interactions were not recorded for this study). Other students did 
access the instructor contact information, but there was no correlation between that 
access and those students’ grades. Only students with lower confidence had positive 
correlations between their access of the contact information and their performance. To be 
able to determine why would require knowing the nature of any subsequent contact for 
both groups of students, and that information was not obtained in this study. 
 
As was pointed out earlier, testing has been shown to help students retain information and 
improve student performance (Roediger & Karpicke, 2006). Results of this study support 
that finding and show that, in the short term, students in CHEM 101 can get some benefit 
from studying the exam answers, although the benefit to performance seems to be 
limited, probably because exam answers were provided without full solutions and 
because the exam answers were only posted after the exams. However, in the long term, 
it appears that students with higher academic abilities have a more significant correlation 
between their use of the exam answers and their performance than do other students. This 
correlation with the CHEM 102 grades is most likely a predictor of future success, 
though it may be that accessing the exams helped students to improve their study habits 
into the next term. It may also have been because these students had a better ability to 
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retain the information and process it, though that is unlikely given the lack of overlap 
between material in the two terms. 
 
It appears, however, that the most effective and consistent method for improving 
students’ performance in general chemistry, especially in the long term, is the posting of 
lecture notes. While accessing the notes does not appear to be universally useful for all 
students, the lecture notes do appear to benefit students most beyond the term in which 
the lecture was delivered. However, how each group of students used the lecture slides is 
unknown, i.e., lecture slide viewing was not significantly correlated to attendance in 
CHEM 101. However, it is likely that the viewing of lecture slides online was indicative 
of a good study habit being formed or that was already formed prior to CHEM 101. 
 
While students with a high desire to gain science and technology knowledge perform 
better in a chemistry class than their classmates with a lower desire to gain science and 
technology knowledge (see Chapter 3), students who struggle with technology or have a 
low view of their academic abilities derive the largest immediate benefit from viewing 
the lecture slides and also see improved grades in the subsequent term. This may be 
because students with low academic or chemistry self-concepts have more room to 
improve their chemistry knowledge compared with their classmates. Students who are 
already doing well in the class may not be able to measurably improve their chemistry 
scores, but studying the lecture slides would reinforce chemistry concepts and increase 
the chance that the student would retain those concepts beyond the immediate term and 
reinforce good study habits that benefit the students in subsequent terms.  
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Ultimately, the two resources that showed the most benefit to students had one element in 
common: the instructor. Instructor contact information and lecture slides both potentially 
offer students a view of chemistry as personalized by the instructor. In an online 
environment, where contact with instructors or other people is virtual at best, those 
materials that best reflect the personal (or encourage personalized interaction) may be 
more effective for students. Lecture slide usage showed a positive correlation between 
average time spent viewing the slides and student success, suggesting that quality 
exposure to the material is more important that quantity. The personal aspect of the 
lecture slides may have encouraged the higher-quality interaction. 
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Chapter 7. FUTURE WORK 
7.1. Introduction 
 
As has been mentioned previously, this study was designed as a broad survey to 
understand what correlations exist between attitudes towards science and technology, 
student self-concept, and student online resource usage. The study was not designed to 
derive causal relationships, but instead to observe interesting correlations for further 
study. As a result, a number of new projects have been formulated that have a reasonable 
expectation of finding meaningful results. These potential projects are the subject of this 
chapter. 
 
The surveys used to create the survey instrument in this study have only been cited a few 
times in the literature. Bauer’s Chemistry Self-Concept Inventory has been cited a total of 
nine times, but only two of those citations were using the survey as a tool (Lewis et al., 
2009)  and (Potgieter et al., 2010); the others were citing Bauer while developing their 
own survey instruments. Thus far, the only people to use the Attitudes Towards Science 
and Technology survey ATST survey were those who developed the instrument initially 
(Gokhale, 2010; Machina & Gokhale, 2010). Its only other citation was a master’s thesis, 
which did not use the ATST as a survey instrument (Martin, 2011). Because of this lack 
of literature citing these surveys, there is considerable opportunity in adding to the 
existing knowledge base and finding new ways to help teachers through these future 
projects. 
 
  
 
239 
 
 
7.2. General Questions from the Study 
7.2.1. Data Collection 
 
Each chapter of this thesis represented a different way of looking at the data collected, 
and each perspective created their own questions and new directions for future projects. 
Some potential projects were not specific to a chapter, but rather applied to the study as a 
whole. These are the projects that will be addressed first. 
 
Collecting the survey responses for this project was done by hand to ensure accuracy in 
the data entry. Scantron forms could not be trusted because of a known tendency for 
students to skip problems and skew all following answers. Additionally, the surveys were 
designed to use a student’s initial response to a question; using a scantron form would 
have slowed students down and the accuracy may have suffered. Collecting and entering 
the surveys by hand, however, was time consuming and may not always be a viable 
option when conducting further studies. Distributing surveys via the internet, however, 
could combine the quick data entry with the increased accuracy normally associated with 
hand entry (possible because of java/html controls).  
 
What is not known is whether computer surveys could be used to collect the same 
information that the paper surveys collected in this study. Neither the Attitudes towards 
Science and Technology survey (ATST) (Gokhale et al., 2009) nor the Chemistry Self-
Concept Inventory (CSCI) (Bauer, 2005) were validated with internet delivery, only 
paper. They could be revalidated to be delivered via the internet, but this has yet to be 
done. Another paper that cited Bauer’s CSCI (Reardon et al., 2010) delivered a survey 
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online without validating it for use in a paper format. Other than marketing companies for 
online survey products, who tout the superiority of their product, only one paper, cited 
over 200 times, looked at the substantive differences between paper and online surveys 
(Wright, 2005). The paper was concerned with sampling issues (e.g., access to unique 
populations, sampling bias for online surveys), cost for researchers in purchasing the 
survey tools, and the time required to use the online surveys versus paper surveys. The 
paper assumed that the delivery method was irrelevant to the data obtained.  
 
In fact, there do not appear to be any papers that have looked at the difference between 
paper surveys and online surveys with respect to the informational validity – do similar 
surveys really result in the same information gathered, regardless of delivery method? 
This would be the first question to answer in continuing the research started with this 
study. Online surveys would vastly decrease the time investment in surveying large 
student populations. Most likely, there are no differences between the delivery methods 
in terms of what data they collect. However, that assumption must be tested and any 
significant differences noted. 
 
The basic method of testing the above would be to issue an online survey, claim a 
massive loss of survey data collected online, and then re-issue the survey in paper format. 
This could be done with or without personally identifiable information for each student. 
Once the online survey and the paper survey were collected, their results would be 
compared by running factor analyses, just as was done to validate the surveys before. If 
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the delivery methods really do not affect the data collected, then the results of each 
analysis should be identical.  
 
7.2.2. Attitudes towards Chemistry 
 
Throughout this study, attitudes towards science and technology were measured using the 
ATST survey. Its questions, which can be seen below (Table 7.1), focused on science in 
general terms, never naming one specific subject. These attitudes were shown to have 
some small correlations with student success in chemistry and with their online resource 
usage. However, the correlations were small in size and changes in those attitudes were 
not correlated to any activity in the chemistry course that was measured in this study.  
 
 
 
Table 7.1: Sample Questions from the ATST Sub-Scores in the Survey. 
The number of the question in the survey appears after the text (e.g., Q4 = Question 4). The sub-scores are 
listed in bold. 
Interest in gaining science and technology knowledge 
 
 
It is important for me in my daily life to know about science. (Q4)  
 
I am well informed about new inventions and technologies. (Q24) 
 
 
I like to watch science and nature shows on television. (Q27) 
 Science and technology are beneficial to mankind 
 
 
Because of science and technology, work will become more appealing. (Q7) 
 
Benefits from science research have outweighed the harmful results. (Q13) 
  
 
 
It seems, then, that measuring students’ attitudes towards chemistry specifically would be 
more likely to have stronger correlations to all aspects of students’ activities than general 
attitudes towards science and technology. To measure this, Bauer created the Attitude 
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toward the Subject of Chemistry Inventory (ASCI) (Bauer, 2008). This instrument is 
more likely to detect changes in attitude that correlate with student activity in a chemistry 
course. Furthermore, it could be used in a role similar to what the ATST played in this 
study, replacing the ATST with the ASCI in most or all of the previous calculations. 
Correlations could also be run between the ASCI and the ATST to see how closely they 
mirror each other, as well as correlations with chemistry self-concept to see how attitudes 
towards chemistry and chemistry self-concept are related.  
 
7.2.3. Extensions 
 
For any of the projects listed below and for any projects involving the use of the ASCI, 
there are multiple ways to extend each and gain additional information. Instead of re-
listing these for each of the following projects, the extensions will be grouped here and 
can be applied to any of the various proposed projects or as an extension of the original 
study. 
 
Duplication of any of the projects at a different college would provide further 
confirmation of which correlations are the most important to chemistry courses, 
regardless of the student population. The greater the difference between the populations, 
the better: public university and private university; small, medium, and large universities; 
engineering-focused university and liberal arts college; different universities around the 
country. The various projects could also be repeated with different classes in the same 
college, especially focusing on the differences between general chemistry courses and 
 
243 
 
 
higher-level courses, such as organic chemistry and analytical chemistry. Comparing the 
motivations between different student populations and between lower and upper-level 
students should prove insightful. As is usually the case with educational research, 
controlling for the teaching methods of the instructors would not be entirely possible, as 
no two people teach alike. However, comparing the effects of different teaching methods 
on the attitudes of students would also prove interesting. 
 
Given more time, each project could be extended in duration, and thus, depth. It would be 
instructive to create longitudinal studies to ask the same research questions of new groups 
of students in nearly identical educational environments (i.e., same teacher, same school, 
same curriculum). This, of course, would average out yearly fluctuations in student 
populations and would reveal the less transient correlations between attitude and student 
study habits. More extensive data collection could also be performed: online activity 
could be monitored beyond the first term, different files could be monitored, and more 
surveys could be handed out. Attitudinal surveys could also be distributed to students 
after they are no longer in the class to see how persistent the attitudinal changes were. 
(This would be made easier if online survey collection proved to be reliable.)  
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7.3. Population Characterization 
7.3.1. Gender Differences 
 
When differences between the genders were investigated briefly in Chapter 3, significant 
differences were seen between how women used the online resources and how men used 
those same resources. Women consistently used the online resources more than did the 
men, for both the online homework (OWL) and for the course website (Bb Vista). This 
did result in women having a higher average OWL grade than the men (by 2.3 percentage 
points), but did not result in a significant difference in final course grades, either in the 
fall or winter terms. While it is good to see that women were not, on average, achieving 
lower grades than the men, it is problematic that they spent more apparent time and effort 
online and did not appear to gain any advantage from that extra effort.  
 
The question, then, is why did the extra effort online not result in significantly better 
grades? To study this, a more focused study could be performed, and would not require 
the use of attitudinal surveys, though attitudes or self-concept could help choose better 
focus groups. Online activity would be monitored in essentially the same manner as with 
the original study, linking individual students’ grades with their online activity. This may 
also be coupled with a survey for students to self-report their study habits that are not 
tracked by online methods. Such a survey must either be found or created to yield similar 
information to what is tracked online (i.e., how often, how long, and how long per 
session) or to fill in gaps from online information (i.e., how much material gets printed 
off or accessed offline); the survey may also ask students how they perceive the amount 
of time they spend online. 
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Assuming that the differences between men and women in online resource usage are still 
found to be significantly different, the next step would be to select some focus groups or 
individual students to get interviews with students about their particular study habits. 
Focus groups would be more likely to put students at ease with the questioner than would 
individual interviews, while the one-on-one interviews may be able to get more detailed 
responses than focus groups. The choice of one or the other would depend on time 
available, the number of students who agreed to the interviews (more students could be 
interviewed via focus groups than could by individual interviews), and the detail desired. 
The important information to obtain from these focus groups would be how students are 
using their time online and/or offline. Differences between study habits of the men and 
women could then be compared with their time spent on homework and their final 
performance in class. Hopefully, such an analysis would help eliminate wasted time or 
wasted effort and increase success in chemistry. The most universal results would come 
from a study of a school like Drexel, with a low percentage of women in chemistry, and 
some school where the gender split in the class is more balanced, so that a wide range of 
gender dynamics are taken into account. 
 
7.3.2. Differences between Majors 
 
It was also observed in Chapter 3 that engineers, regardless of whether or not they would 
be taking chemistry courses past CHEM 102, accessed Bb Vista fewer times than did the 
other students. Since the engineers were mostly men, this may have been related to the 
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gender differences mentioned above and is likely a difference in study habits or 
technology usage between engineers and non-engineers. This observation could be 
investigated in the same manner as above, with focus groups looking at how engineers 
and non-engineers utilized the information posted online. This would be most effective as 
a longitudinal study to see how much the study habits of engineers and non-engineers 
varied year-to-year. Such a study would observe different groups of students each year, 
keeping the class level (e.g., first-year students) constant. 
 
7.3.3. Paper Homework and Online Homework 
 
This study only was able to track students’ homework online. However, both online and 
traditional paper homework problems were assigned. (Paper homework was assigned for 
recitation sections.) While there was a desire to use the online homework as a proxy for 
all homework done by students, no such study had been conducted to correlate time spent 
on homework done offline with time spent on homework done online. While a few 
student interviews could improve the depth of information collected, the comparison of 
offline and online homework could be done with a specially crafted and validated survey. 
Not only should the survey ask students how long they spend on paper homework, it 
should ask how long they spend on online homework and how they think that compares 
with their fellow students. Combined with data collected online, this would allow for 
measurement of offline homework activity and, potentially, for the creation of a formula 
to correlate online and offline homework. It would also measure how students perceive 
their own efforts in comparison with the reality of what was measured online.  
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7.4. Changes in Attitude 
7.4.1. Reality Check 
 
To continue investigating the reality check experienced by incoming first-year students, 
the first step would be to replicate the results observed in this study and see how closely 
the data match. In all, 309 students in the study saw their initial chemistry self-concept 
drop by the second survey, while only 240 saw their chemistry self-concept increase. In a 
future project, assuming that the reality check remains as strong, the next step would be 
to interview students with the strongest changes in chemistry self-concept, both negative 
and positive, and get their impressions of the class, which should provide some insight 
into what influenced the change in self-concept. It would be preferable to have at least 5 
students for each group (positive and negative); 10 students from each if doing focus 
groups, though higher numbers of students would always be preferable. It would also be 
interesting to know whether or not the students were aware of their change in chemistry 
self-concept or if it was sub-conscious.  
 
The interviews would also allow for more information to be collected on how the 
students were studying throughout the term. Specifically, students could be asked how 
they were using the various resources available online (e.g., lecture slides and exam 
answers). Knowing just what the students used and how they used them could be 
combined with the correlations to student success to better understand what information 
posted online helps students and what does not. Ideally, students would be selected based 
on their initial attitudes and self-concepts so that the differences between those groups 
could be better understood. 
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It was observed that OWL usage correlated more strongly with the observed reality check 
than did Bb Vista usage. It was supposed that this was because OWL provided near-
instant feedback, which may have a more direct influence on a student’s chemistry self-
concept. Interviews with students who experienced a reality check would help to confirm 
if this was indeed the case.  
 
Regarding the numbers of students needed for interviews. Statistical significance is 
unlikely to be had from a sample as small as 10 students (as suggested above). These 
interviews are meant as a qualitative supplement to the quantitative data obtained through 
surveys. As such, the statistically significant information would be drawn from the 
quantitative surveys, while the interviews (either group or individual) would be meant as 
a way to better understand the correlations observed in the surveys. Relying on interviews 
as the primary source of data in a study would require many more students, on the order 
of 100-200 (Osborne et al., 2003).  
 
7.4.2. Changes in Attitude 
 
In Chapter 4, negative correlations were observed between Bb Vista usage and changes in 
attitudes towards science and technology. Analysis of the individual files accessed online 
showed that these negative correlations were only observed when students were 
accessing chemistry content, not when they were viewing the lab rubrics or instructor 
contact information. The reasons for these observed correlations were unclear and should 
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be investigated with a further study and would require student interviews. As above, the 
initial setup for this additional study would be the same as for the initial study. Students 
would be selected for interviews based on either belonging to a group that showed the 
negative correlation between attitude and Bb Vista usage, or belonging to a group that 
showed no correlation. Students with a positive correlation between a change in their 
attitude and Bb Vista usage would comprise a third group of interviewees, if found. Each 
group should have at least 5 student interviews or 10 students in a focus group. These 
interviews would be able to determine what, if any, causal link existed between the 
changes in attitude and how the students used Bb Vista.  
 
It was also observed that certain students, especially those with an initial low view of the 
benefits of technology, had a fairly strong, positive correlation between the number of 
times the instructor contact information was viewed and their final grades; they also had 
positive changes in their desire to gain science and technology knowledge. What was not 
known, because of the limitations of the study, was what the students did with the 
instructor contact information. There were no records of whether or not the students used 
the information to contact their instructors in any way. As such, the conclusions from the 
current study were limited.  
 
Therefore, a future project could focus much more directly on student-instructor contact, 
using both interviews and more detailed online data collection. Instead of a static contact 
sheet, an active form for contacting instructors would allow for automatic collection of 
data relating to student contact with teachers. Data collected could include whether 
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contact was actually initiated, the method of that contact, and the reason (categorized 
prior to data collection) for the contact. Instructors could even add their own comments to 
the system after the contact had been handled, which would provide another perspective 
on the interactions. Students, too, could be asked to evaluate their interactions in much 
the same way. Interviews with students and/or instructors could also be performed, but 
would not be as timely as information collected as just described. 
 
7.5. Analyzing Student Success using OWL 
 
The major conclusion of Chapter 5 was that focusing on a problem was better than 
repeated attempts. The theory was that by focusing on a problem for a little longer, 
students would be more likely to look at the problem on a conceptual level, rather than 
just trying to get the correct answer. Investigating this further is the obvious next step. 
 
To fully investigate this hypothesis, the first step would be to interview students and see 
what their typical study sessions look like. Students would be selected so that the sample 
reflected the demographics of the overall class; students representing a given 
demographic (e.g., gender) would be chosen randomly from within that group. At least 
five men and five women from each major would be chosen. Ideally, students should be 
asked to describe study sessions where online homework was involved, sessions where 
paper homework was involved, and sessions where Bb Vista was involved. This would 
further refine how students use each resource for studying: why do students attempt 
certain problems more than others? How much time do students devote to their paper 
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homework in addition to the OWL homework? Why did students fail to complete OWL 
assignments where there were no restrictions on the number of attempts? The greater 
detail needed from these interviews necessitates individual student interviews and the 
higher number should approach statistical significance; 100 students at minimum would 
be ideal. 
 
The first experiment after the interviews was suggested in Chapter 5: limiting the number 
of times a student could attempt an OWL problem for credit. There are two different 
ways to set limits that may or may not have different effects on students’ study habits. 
First, the limits can be set so that most students would never reach the actual limit before 
completing the problem and moving on. In this case, the idea of a limit should signal to 
students that they will need to concentrate on finding a right answer as the number of 
possible attempts is finite. On the other hand, the number of OWL attempts could be 
limited enough so that most students would feel challenged by the restriction. While this 
would ensure that all students would have to focus on each problem, it would also 
introduce new frustrations, which may ameliorate the positive effect of focusing on the 
problem. In either case, the control for the experiment would be changing the rules from 
week to week. One week would have no limits on OWL attempts, the next would have a 
limit set so high that no student should reach it, and the next a limit set that challenges 
most of the students. The changing difficulty between weeks would make this technique 
difficult. Care would have to be taken to have an equal number of “easy” and “difficult” 
OWL problems restricted. The other option would be to give different class sections 
different levels of OWL restrictions (or none at all). While also a possibility, this would 
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possibly introduce resentment on the part of students who were restricted against those 
who were not (or against the instructor). This experiment could also be conducted prior to 
or concurrently with the interviews mentioned above, though the ongoing changes in 
OWL restrictions may affect student interview responses. 
 
It was also observed that chemistry topics where students made many attempts on OWL 
but spent little time per problem were chemistry topics where students performed poorly. 
To see how well this predicts student success, the original study could be modified to 
observe in more detail how students perform on specific chemistry topics. Ideally, each 
observed chemistry topic would have more than one exam problem, so that more than 
one point was possible for each topic. This would provide a better scale for measuring 
student success in individual chemistry topics. This would also help to determine why 
students who got chemistry topics right on the first exam and wrong on the final (RW) 
performed consistently lower than students who got chemistry topics wrong on the first 
exam and right on the final (WR). It is likely that the latter would have scored better than 
the former if more than one point were possible per chemistry topic. Individual chemistry 
topics could also be explored in more depth to better understand how students are 
studying the material. Topics where the focus was math (e.g., calorimetry) could also 
incorporate more conceptual questions both in the exam and, if possible, in OWL. Where 
word problems were frequently encountered, straight-forward calculations could be 
substituted to see if there are differences. Only initial student self-concepts would be 
necessary for this project. 
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7.6. Optional Online Studying and Final Grades 
 
Chapter 6 looked at how student access of course materials posted online correlated with 
their success in CHEM 101 and CHEM 102. What could not be determined, however, 
was exactly what caused the correlations. To further explore the benefits of online 
materials, two of the previously proposed projects could be combined and expanded to 
more fully analyze the underlying reasons: studying the difference between online and 
paper homework and studying student contact with their instructors. To extend the 
project, monitoring of student online usage would occur in CHEM 101 and CHEM 102, 
so that patterns of usage could be seen across two terms. Online usage could also be 
monitored across all online items, rather than a select few. 
 
Integral to the project is determining just how students use the online materials – how 
often students print off materials, how often they collaborate with other students, and 
how these all correlate to their activity online and their success in the class. Monitoring 
usage across multiple terms allows for investigation of whether or not students changed 
study habits over time. It is assumed that the most successful students adjust their study 
habits to maximize their success in class. Monitoring student contact with teachers 
(discussed above) would allow those interactions to be quantified and correlated with 
student success, whether or not student attitudes were also monitored. 
 
More extensive studies of the other file types used in this current study (lab rubrics, exam 
answers, and lecture slides) and file types not investigated in this current study (e.g., 
review sessions, past exams with answers) would be performed as well. A more accurate 
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timeline of when items were posted online versus when they were accessed would 
provide more information about how students were using various materials. Were review 
sessions mostly accessed by students who were not able to attend the session? What 
information did students access to review for the final exam? What information did they 
access after the term was over? 
 
For lab rubrics, the main question is how are they most useful for students? It was a 
somewhat surprising result to find that accessing lab rubrics correlated with success in 
CHEM 101 beyond what could be expected for their influence on lab grades. However, 
were the lab rubrics as used in CHEM 101 and CHEM 102 the most effective they could 
be? These rubrics were essentially grading guides, listing what parts were needed and 
how may points each part of the lab report was worth. As was pointed out in Chapter 6, 
rubrics studied by other researchers gave students goals for their writing without 
assigning exact points for certain information (Howell, 2011). Howell’s rubrics assigned 
the highest grade for “accurate theoretical application that discusses the theory,” rather 
than 5 points for an introduction. A comparison of these two rubric styles (or possibly 
more, if desired) would prove useful to see what maximizes student success. Essentially, 
a different type of rubric could be used for lab experiments 1 and 3 than for 2 and 4, 
giving the same class equal access to two different types of rubrics. It may be that rubric 
styles vary in effectiveness depending on the type of material. This could cause problems 
for analysis. If the experiment were repeated with a second class of similar students, the 
type of rubric used for each lab could be reversed so that each lab had each type of rubric 
analyzed. Student access of these rubrics would then be monitored and correlated with 
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student success in the class. If one style has a much stronger correlation to success in 
chemistry, that rubric style should be used in the future.  
 
Understanding how students were using the exam answers posted online would help to 
determine causes behind the correlations between accessing these files online and success 
in the class. Without using interviews, however, an experiment could be set up to see if 
the answers on the exam or the exams themselves were more instrumental in student 
success. In this current study, exam answers were posted after the exam, coupled with the 
exam itself. For the experiment, past exams could be examined without answers prior to 
the test as well, allowing students to access these files for studying. Comparison of 
student usage of the exams with answers to those without would show which students 
were accessing the files for knowledge (accessed the exams with no answers) and those 
who were only interested in how they performed on the exam (only accessed the exam 
with answers). Posting only past exams with no answers would also provide another point 
of comparison. 
 
Finally, student access of lecture slides should be more thoroughly investigated. 
Preliminary analysis of student access of the lecture slides compared with their 
attendance at lecture showed no correlation between the two, though stricter attendance 
monitoring would be necessary to verify this. Analysis by date would better inform 
whether students were accessing lectures before or after they were delivered in class or if 
they were accessing lecture slides prior to attending a lecture (if available). Interviews 
with students would give better data on how the lecture slides were being used. Posting 
 
256 
 
 
different types of lecture slides (e.g., full lecture audio + slides, full slides from class, 
summary slides, etc.) and correlating their access with student success would provide 
information about which method was best. As a matter of control, this would have to be 
repeated over different chemistry topics and, preferably, different student populations. 
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Appendix A: Survey Instrument and Consent Form 
 
 
 
The following pages are copies of the survey given to each student and the consent form, 
as approved by the Office of Regulatory Research Compliance (ORRC). The pages are 
unchanged from the original survey except for their size: they have been reduced to fit 
the margins of this dissertation. All pages (2 consent form pages and 4 survey pages) 
appear in their original order. 
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Appendix B: Sample Questions from CHEM 101 Exams 
 
 
 
The following are questions taken directly from the CHEM 101 exams in 2009. These 
twelve questions (six from the in-term exams and six from the final exam) were 
monitored for the six chemistry topics addressed in Chapter 6.  
 
Stoichiometry (problem 15 from in-term exam 1; problem 5 from final exam): 
 
 
Calorimetry (problem 4 from in-term exam 3; problem 18 from final exam): 
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Lewis Dot Structures (problem 12 from in-term exam 3; problem 28 from final exam): 
 
 
Electronegativity (problem 22 from in-term exam 3; problem 33 from final exam): 
 
 
  
 
268 
 
 
Enthalpy (problem 7 from in-term exam 3; problem 23 from final exam): 
 
 
Bond  Properties (problem 19 from in-term exam 3; problem 31 from final exam): 
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